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Gross Domestic Product (GDP) is the most important variable in analyses of 
economic growth. The conceptual problems in defining GDP, let alone using it as 
a measure of welfare, are the stuff of introductory economics courses. Just as seri-
ous, however, is the problem that GDP itself is often badly measured, especially in 
developing countries. Relative to developed countries, in many developing coun-
tries a much smaller fraction of economic activity is conducted within the formal 
sector, the degree of economic integration and price equalization across regions is 
lower, and, most significantly, the government statistical infrastructure is weaker. 
These factors make the calculation of nominal GDP (total value added, in domes-
tic prices) difficult.

Measurement of real GDP growth within a country over time requires, besides 
measuring nominal GDP, the construction of reliable domestic price indices, again 
a problem for many developing countries. In this paper we focus exclusively on real 
GDP growth within countries. If, in addition, we wanted to compare real GDP levels 
across countries, that would require purchasing power parity (PPP) exchange rates 
based on prices for a comparable set of goods across countries.
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Economists who produce international comparisons of income have long warned 
of the uncertainty surrounding many of their estimates (Deaton and Heston 2010). 
In the Penn World Tables (PWT), one of the standard compilations of cross-country 
data on income, countries are given data quality grades of A, B, C, and D. Chen and 
Nordhaus (2011) report that the margins of error (root mean squared error) cor-
responding to these grades are 10 percent, 15 percent, 20 percent, and 30 percent, 
respectively. All 43 countries in sub-Saharan Africa get a grade of C or D. In the 
worst case, some countries, such as Myanmar, do not appear in the PWT at all.

An illustration of the degree of measurement error in the PWT comes from the 
Johnson et al. (2009) study of revisions to the PWT data. Specifically, the authors 
compared version 6.1 of the PWT, released in 2002, with version 6.2, released in 
2006. The standard deviation of the change in countries’ average growth over the 
period 1970–1999 was 1.1 percent per year—an enormous change in comparison to 
the average growth rate over this period of 1.56 percent per year. To give a striking 
example, the authors calculated the ten worst growth performers in Africa based on 
the 6.1 data and, similarly, based on the 6.2 data. Only five countries were on both 
lists.1 As another example of how poorly measured GDP data creates problems for 
research and policy making, Dawson et al. (2001) claim that the asserted empirical 
link between output volatility and income growth in the PWT data is purely a prod-
uct of measurement error in annual income

Besides the PWT, as detailed later, the International Monetary Fund (IMF) and 
World Bank both rank countries regarding the reliability of their national statistics. 
In applications later in the paper we use this ranking rather than the PWT. In the 
PWT we couldn’t fully disentangle whether poorly rated countries had low-qual-
ity national accounts data or just poor baseline information for PPP comparisons. 
The World Bank and IMF ratings concern only the quality of a country’s national 
accounts data, which is our concern.

In addition to all the problems of measurement error in GDP, a second issue is 
that in most countries GDP numbers are not available on any consistent basis at the 
subnational level. Much of the interesting variation in economic growth takes place 
within, rather than between, countries. Similarly, many of the theories about factors 
that affect growth—for example, those that look at the importance of geography—
pertain to regions made up of parts of one or more countries. For the vast majority 
of economics research, however, “empirical analysis of growth” has become syn-
onymous with use of national accounts data. We think the tools are available to set 
aside this limitation.

In response to the problems of measuring GDP, there is a long tradition in eco-
nomics of considering various proxies that cover periods or regions for which 
GDP data are not available at all or not available in a timely fashion. For exam-
ple, until 2005, the Federal Reserve Board based its monthly index of industrial 

1 Changes in data between different versions of the PWT can result from changes in the pricing survey used to 
establish purchasing power parities (known as the International Comparisons Project or ICP) as well as revisions 
in underlying national income accounts data and changes in methodology. Versions of the PWT within the same 
“generation,” for examples versions 6.1 and 6.2, use the same ICP data. Johnson et al. (2009) report that changes 
in national income accounts data are the dominant source of differences between the two versions. In our paper, 
because we are not making comparisons between countries, we have no need for PPP measures. Thus, in all of our 
analysis, when we look at national income account data we use growth in constant local currency units, as suggested 
by Nuxoll (1994).
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production in part on a survey of utilities that measured electricity delivered to 
different classes of industrial customers. Similarly, an IMF study examining elec-
tricity consumption in Jamaica over the decade of the 1990s concluded that offi-
cially measured GDP growth, which averaged 0.3 percent per year, understated 
true output growth by 2.7 percent per year, the gap being explained by growth 
of the informal sector (IMF 2006). Young (2009) constructs proxies for the level 
and growth rate of consumption in 56 developing countries by using microeco-
nomic data in the Demographic and Health Surveys. Economic historians have 
also employed a variety of proxies for studying economic outcomes in the period 
before the creation of national income accounts and in order to examine growth in 
subnational units. For example, Good (1994) estimates output in 22 subregions of 
the Habsburg Empire in the period 1870–1910 using proxies such as the number 
of letters mailed per capita. The essays in Steckel and Rose (2002) use skeletal 
remains to measure both the average standard of living and the degree of inequal-
ity in the Americas over the last two millennia.

In this paper we explore the usefulness of a different proxy for economic activity: 
the amount of light that can be observed from outer space. More particularly, our 
focus will be on using changes in “night lights” as a measure of economic growth. 
We will show that lights growth gives a very useful proxy for GDP growth over the 
long term and also tracks short-term fluctuations in growth.

How might we use this new proxy? First, we can use the change in night lights 
intensity as an additional measure of income growth at the national level. Even 
though changes in lights observable from space are subject to measurement error, 
it is well known that several error-prone measures are better than one, especially if 
there is no reason to think that the measurement errors are correlated (Rao 1992). In 
the paper, we develop a simple framework showing how to combine our lights mea-
sure, which is in a different metric than income, with an income measure to improve 
estimates of true economic growth (cf. Browning and Crossley 2009, or Krueger 
and Lindahl 2001). We illustrate the methodology with an application to a set of 
countries that are rated by the World Bank as having very low capacity in generating 
reliable national income accounts and price indices. For these countries we provide 
new estimates of their economic growth over the period 1992/3 to 2005/6.

In the main sections on the use of night lights, we have three key findings. 
First, we obtain a best fit elasticity of measured GDP growth with respect to 
lights growth, for use in predicting income growth. Our estimated elasticity is 
roughly 0.3. Second, we produce revised growth estimates for the set of countries 
with very low capacity national statistical agencies. These revised estimates are 
optimally weighted composites of national income accounts data and predicted 
income growth based on lights growth. Third, we obtain an estimate of the struc-
tural elasticity of growth in night lights with respect to true GDP growth; the point 
estimate we obtain is just over one.

In the last section we turn to a second type of application: use of night lights data 
at the sub- or supranational level to measure income growth. Night lights data are 
available at a far greater degree of geographic fineness than is attainable in any stan-
dard income and product accounts. As discussed later, we can map data on lights 
observed from space on approximately one-kilometer squares and aggregate them to 
the city or regional level. This makes the data uniquely suited to spatial analyses of 
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economic activity. Economic analysis of growth and of the impacts of policies and 
events on cities and regions of many countries is hindered by a complete absence 
of any regular measure of local economic activity. While population data are some-
times regularly available for cities above a certain size, almost no countries have 
city-level GDP data.2 Night lights data give us such a measure. Note also that data 
from satellites are available at a much higher time frequency than standard output 
measures. Further, as will be illustrated below, they allow us to assess how events 
such as discovery of minerals, civil strife, and the like affect regional income growth 
and fluctuations.

In this section of the paper we examine three issues in the context of sub- 
Saharan Africa. Do coastal areas grow faster than noncoastal? Do primate cities 
areas grow faster than hinterland areas? Finally, with the advent of strong antima-
laria campaigns, do malaria-prone areas now grow at similar rates to less malaria-
prone areas? The answer in all cases for sub-Saharan Africa in recent years is no, 
and the patterns are surprising.

This is the first paper we are aware of that uses night lights data to measure real 
income growth. A number of researchers have shown that night lights reflect human 
economic activity (e.g., Croft 1978, Elvidge et al. 1997, Sutton and Costanza 2002, 
Ebener et al. 2005, Doll, Muller, and Morley 2006, Sutton, Elvidge, and Ghosh 
2007, and Ghosh et al. 2010)3, but have not used lights in a statistical framework 
to measure real economic growth. Satellite data on land cover has been used to 
examine the spatial expansion of settlements in the United States (e.g., Burchfield 
et al. 2006). Chen and Nordhaus (2011) use a variant of the statistical methodology 
introduced in the first version of our paper and apply it to assess the usefulness of 
lights to measure growth for both countries and one-degree grid squares.4

Finally, we note that lights data have an advantage over other proxies that could 
serve a similar purpose, such as electricity consumption. Night lights data are avail-
able over time and for almost all the inhabited surface of the earth. Data on electric-
ity consumption is unavailable for many lower income countries and is generally 
unavailable for most countries at subnational levels.

The rest of this paper is organized as follows. Section I gives a brief introduc-
tion to the night lights data and discusses more obvious examples of how they rep-
resent differences in income levels or growth across countries and the effects of 
 political-economic shocks on growth or income levels. In Section II we develop the 
statistical framework for combining measures of lights growth with existing mea-
sures of GDP growth to get improved estimates of true income growth. In Section III 
we estimate the relationship between GDP and lights growth, examining annual and 
long difference changes, different functional specifications, use of electricity data, 
and other issues. In Section IV we turn to the application where we use lights growth 

2 For an exception, see Au and Henderson (2006) on China.
3 Several of these authors estimated the cross-sectional lights-GDP relationship for countries and subnational 

units of some countries (e.g., Ghosh et al. 2009). To our knowledge, however, Sutton et al. (2007) is the only paper 
with quantitative analysis of data for multiple (two) years, but they do not produce panel estimates.

4 We became aware of their project after the first draft of our paper was completed and only saw a draft of Chen 
and Nordhaus (2011) after our first revision was essentially finished. At this point both papers seem to agree that 
night lights data are useful in evaluating growth in contexts where national accounts data are poor and, of course, 
where they are nonexistent. Chen and Nordhaus, however, estimate a lower optimal weight to be put on lights data 
than we do. 
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measures to improve estimates of true income growth for countries with poor data 
quality. In Section V, we present some further applications in which night lights data 
can be used to assess growth in regions defined by geographic, economic, or health 
metrics, rather than by political borders. Section VI concludes.

I. Night Lights Data

Satellites from the United States Air Force Defense Meteorological Satellite 
Program (DMSP) have been circling the earth 14 times per day recording the 
intensity of Earth-based lights with their Operational Linescan System (OLS) sen-
sors since the 1970s, with a digital archive beginning in 1992. These sensors were 
designed to collect low-light imaging data for the purpose of detecting moonlit 
clouds, but a byproduct is that lights from human settlements are recorded. Each 
satellite observes every location on the planet every night at some instant between 
8:30 and 10:00 pm local time. Scientists at the National Oceanic and Atmospheric 
Administration’s (NOAA) National Geophysical Data Center (NGDC) process 
these raw data and distribute the final data to the public. In processing, they remove 
observations for places experiencing the bright half of the lunar cycle, the summer 
months when the sun sets late, auroral activity (the northern and southern lights), 
and forest fires. These restrictions remove intense sources of natural light, leav-
ing mostly man-made light. Observations where cloud cover obscures the earth’s 
surface are also excluded. Finally, data from all orbits of a given satellite in a given 
year are averaged over all valid nights to produce a satellite-year dataset.5 It is these 
datasets that are distributed to the public.6

Each satellite-year dataset is a grid reporting the intensity of lights as a six-bit 
digital number, for every 30 arc-second output pixel (approximately 0.86 square 
kilometers at the equator) between 65 degrees south and 75 degrees north lati-
tude.7 The exclusion of high-latitude zones affects approximately 10,000 people, 
or 0.0002 percent of the global total. In our analysis below, we exclude areas north 
of the Arctic Circle (66 degrees, 32 arc-minutes north), because a disproportionate 
percentage of pixels there have missing data for entire satellite-years, most likely 
because of auroral activity. Only 0.036 percent of global population, in 7 countries, 
lives there.8 Datasets currently exist for 30 satellite-years covering the years 1992 
to 2008,9 for a total of about 22 billion satellite-year-pixels, 5.7 billion of which fall 

5 An auxiliary dataset reports the number of valid nights used in this averaging for each satellite-year-pixel. An 
average of 39.2 (s.d. 22.0) nights are used.

6 National Geophysical Data Center (2010).
7 Data for lights are reported on a latitude-longitude grid. An arc-second is one sixtieth of an arc-minute, which 

is one sixtieth of a degree of latitude or longitude. The values for these pixels are determined by a complex averag-
ing process involving overlapping input pixels. Thus, adjacent pixels contain some shared information (Elvidge et 
al. 2004). Because of the curvature of the Earth, grid cell size varies in proportion to the cosine of latitude. Thus, 
all grid cell sizes are reported at the equator; sizes at other latitudes can be calculated accordingly. For example, a 
grid cell in London, at 51.5 degrees north latitude, is 0.53 square kilometers. Because pixel size varies by latitude, 
below in our statistical analysis we calculate a weighted average of lights across pixels within a country. Each 
pixel’s weight is its share of its country’s land area. Land area excludes permanent ice and is from the “land area 
grids” product of CIESIN, IFPRI, and CIAT (2004). Country boundaries are based on CIESIN and CIAT (2005).

8 In no country does the arctic population comprise more than 10 percent of the total, and in only one does it 
comprise more than 2 percent. Population data are for the year 2000, from CIESIN and CIAT (2005).

9 Specifically, data are available from satellite F10 for the years 1992–1994 (inclusive), F12 for 1994–1999, F14 
for 1997–2003, F15 for 2000–2008, and F16 for 2004–2008.
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on non-Arctic land. We calculate simple averages across satellites within pixel-years 
for all analyses below.

The digital number is an integer between 0 (no light) and 63. A small fraction of 
pixels (0.1 percent), generally in rich and dense areas, are censored at 63. De facto 
sensor settings vary over time across satellites and with the age of a satellite, so that 
comparisons of raw digital numbers over years can be problematic. In statistical 
work we will control for such issues with year fixed effects. The digital number is 
not exactly proportional to the physical amount of light received (called true radi-
ance) for several reasons.10 The first is sensor saturation, which is analogous to 
top-coding. Further, the scaling factor (“gain”) applied to the sensor in converting it 
into a digital number varies for reasons that are not explained, possibly to allow Air 
Force analysts to get clearer information on cloud cover. Unfortunately, the level of 
gain applied to the sensor is not recorded in the data. In an experiment carried out 
for 18 days during the winters of 1996 and 1997, the settings of one of the satellites 
were altered so that a true radiance measure could be calculated.11 The resulting 
experimental radiance-calibrated dataset, averaged across all 18 days, is also dis-
tributed by NOAA. We find close to unit elasticity in comparing lit pixels from this 
experiment to lit pixels from the standard data from 1997 (the year of the majority 
of the 18 days). Details of this exercise and more information about the lights are in 
the online Appendix.

Intensity of night lights reflects outdoor and some indoor use of lights. More 
generally, however, consumption of nearly all goods in the evening requires lights. 
As income rises, so does lights usage per person, in both consumption activities 
and many investment activities. Obviously, this is a complex relationship, and we 
abstract from such issues as public versus private lighting, relative contributions of 
consumption versus investment, and the relationship between daytime and night-
time consumption and investment. This paper is concerned with poor or nonexistent 
data on national and local income. For the other aspects of economic activity just 
listed, there are no consistent measures over time and countries, so we can’t directly 
incorporate these aspects into our analysis, although we will illustrate a variety of 
considerations in the course of the paper. Because we will look at growth in lights in 
the statistical work, however, cross-country level differences in these other variables 
will be accounted for in the statistical formulation.

Table 1 gives some sense of the data, describing the distribution of digital numbers 
across pixels for eight countries covering a broad range of incomes and population 
densities. For reference, we also include data on GDP per capita at PPP, population 
density, and the fraction of the population living in urban areas. Our economic and 
population measures are taken from the World Development Indicators (WDI).

Table 1 shows the fraction of pixels assigned to different reading intervals on 
the 0–63 scale for different countries. In many countries a high fraction of pixels 
are unlit. In the United States and Canada, 69.3 percent and 93.9 percent of pixels, 
respectively, are unlit, while in a high-density country like the Netherlands only 

10 Many of these problems could be overcome by a different sensor design, with onboard calibration to record 
true radiance, a lower detection threshold, and finer quantization (i.e., more bits per digital number). See Elvidge 
et al. (2007) for a discussion.

11 Unfortunately, under current sensor design, these altered settings can’t be used at all times because they con-
flict with the Air Force’s primary use of the satellite for weather observation.
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1.0 percent are unlit. The percentage of unlit pixels falls with income holding den-
sity constant; Bangladesh, with higher population density than the Netherlands, 
has 66.7 percent of pixels unlit. Among poor, sparsely populated countries like 
Mozambique and Madagascar, over 99 percent of pixels are unlit. Note that the 
small difference in fraction of pixels that are unlit (first row of the table) versus 
the area of a country that is unlit (later row) occurs because of variation in area per 
pixel within a country as one moves north and south.

Among the countries in Table 1 (and more generally in the sample) there are 
remarkably few pixels with digital numbers of 1 or 2. Among middle and lower 
income countries, the most commonly observed range for the digital number is from 
3–5; for Canada, it is 6–10; and for the Netherlands, it is 21–62. The minimal frac-
tion of pixels with digital numbers of 1 or 2 reflects, we believe, algorithms used to 
filter out noise in the raw data. More generally, the censoring of data at the low end 
means some low-density, low-income pixels do not get counted, so to some extent 
we will undercount lights nationally. Pixels with a value of 63 are top-coded. The 
fraction of top-coded pixels in low- and middle-income countries is zero or almost 
so, while in a densely populated rich country like the Netherlands, 1.58 percent of 
pixels are top-coded.

Table 1 also shows the mean digital number and the within-country Gini for 
the digital number.12 The mean ranges from 23.5 in the Netherlands to 0.023 in 
Madagascar. While richer countries tend to have higher average digital numbers, 
geography and population density also play strong roles. Bangladesh, for exam-
ple, has a higher average digital number than Canada. For this reason, night lights 
data are better for comparing economic growth across countries, in which case 
geographic variation is differenced out, than they are for comparing income  levels. 
Cross-section comparisons will work best among regions with similar cultural uses 
of lights, geography, density, and extent of top-coding (cf. Ghosh et al. 2010). Below 
in the empirical work we will also explore whether changes in dispersion measures 

12 This Gini is analogous to an income Gini. In calculating the income Gini, the first step is ranking people by 
income and calculating their accumulated share of total income. Here, for that step, all pixels in a country are ranked 
from lowest to highest digital number and we calculate the cumulative share of total lights for the country.

Table 1—Night Lights Data for Selected Countries, 1992–2008 Average

DN Bangladesh USA Canada Netherlands Brazil Guatemala Madagascar Mozambique

0 66.73% 69.32% 93.89% 1.01% 94.02% 79.23% 99.73% 99.47%
1–2 0.636% 0.110% 0.001% 0.000% 0.001% 0.244% 0.005% 0.031%
3–5 24.47% 10.85% 1.65% 3.45% 2.60% 13.84% 0.15% 0.28%
6–10 5.27% 9.60% 2.48% 24.04% 1.83% 4.17% 0.06% 0.11%
11–20 1.69% 4.53% 1.09% 28.83% 0.77% 1.46% 0.03% 0.05%
21–62 1.13% 5.02% 0.83% 41.09% 0.73% 0.95% 0.03% 0.05%
63 0.06% 0.58% 0.05% 1.58% 0.06% 0.10% 0.0001% 0.0003%
Percent unlit 66.92 66.20 92.54 1.06 94.31 80.43 99.74 99.51
Avg. DN 2.0087 4.6646 0.9387 23.5164 0.6342 1.4051 0.0233 0.0431
Gini(DN) 0.7879 0.8471 0.9643 0.3926 0.9689 0.8822 0.9985 0.9974
Pop. density (per sq. km) 1,080 31 3 469 21 105 26 23
Percent urban 24 79 79 76 81 45 27 30
GDP per capita, PPP  
 (2005 $)

917 37,953 31,058 32,226 8,046 3,905 892 546

GDP per capita (2000 $) 344 33,582 22,531 23,208 3,760 1,693 249 252
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like the Gini, as well as fraction unlit and fraction top-coded, contribute additionally 
to our ability to predict income growth.

A. Simple Examples of What night Lights data Reflect

A global View.—A quick look at the world in Figure 1 suggests that lights do 
indeed reflect human economic activity, as pointed out as early as Croft (1978). In 
the figure, unlit areas are black, and lights appear with intensity increasing from 
gray to white. Lights in an area reflect total intensity of income, which is increas-
ing in both income per person and number of people. In the United States, where 
living standards are fairly uniform nationally, the higher concentration of lights in 
coastal areas and around the Great Lakes reflects the higher population densities 
there. The comparison of lights in Japan and India reflects huge differences in per 
capita income with similar population densities, as does the comparison between 
Brazil and the Democratic Republic of Congo. Again, given cultural differences in 
use of lights and geographic differences in unlit and top-coded areas, our focus in 
this paper is on using lights to measure income growth and fluctuations. We now 
illustrate the relationship between income changes and night lights with several 
examples that highlight what night lights record and issues in their application.

Korean peninsula.—Figure 2 shows lights for North and South Korea at two dif-
ferent points in time, 1992 and 2008. The lights for South Korea illustrate how lights 
reflect long-term growth. In this time period South Korea’s real GDP (in constant 
local currency units) increased by 119 percent. This overall growth in GDP for South 
Korea is matched in the figure by increasing lights intensity, with expanding areas of 
high and medium coding. The average digital number for South Korea increased by 

Robinson projection

Figure 1. Lights at Night, 2008

Source: Image and data processing by NOAA’s National Geophysical Data Center. DMSP data collected by the 
United States Air Force Weather Agency.

http://pubs.aeaweb.org/action/showImage?doi=10.1257/aer.102.2.994&iName=master.img-000.jpg&w=366&h=192
http://pubs.aeaweb.org/action/showImage?doi=10.1257/aer.102.2.994&iName=master.img-000.jpg&w=366&h=192
http://pubs.aeaweb.org/action/showImage?doi=10.1257/aer.102.2.994&iName=master.img-000.jpg&w=366&h=192
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72 percent in the same time period. We don’t expect the percentage growth in income 
and lights to be the same, both because the elasticity may not be one and because the 
lights measures were done by different satellites in 1992 and 2008, the sensor settings 
of which will not exactly match. Offshore lights near South Korea in 1992 are from 
fishing boats shining bright lights to attract photophilic creatures like squid. Figure 2 
also shows the dismal comparative situation in North Korea, with little or no growth in 
the same time period. The average digital number fell by 7.4 percent.

indonesia.—To illustrate the high-frequency response of lights to an economic 
downturn, we use data from Indonesia in 1997, before the Asian financial crisis, 
and in 1998, when Indonesia was at a GDP low. Overall for Indonesia the digital 
number declined by 6 percent from 1997 to 1998 and real GDP declined by 13 
percent. To improve visualization we focus on just the main island of Java, pictured 
in Figure 3. In Figure 3, lights in 1997 are in the top panel and lights in 1998 are in 
the second. The third panel shows pixels for which the digital number changed by 
more than three. There are large patches of declines in lights in west Java, around 
Jakarta and its suburban areas, and in east Java, around the growth pole of Surabaya 
and its hinterlands, going southwest from Surabaya. Although declines in lights out-
put dominate, in some rural areas there is an increase in lights. We know that there 
was some return to rural areas by urban migrants in the crisis and that there is also 
drilling and refining of petroleum in some of these areas. In the bottom panel, we 

Figure 2: Long term growth: Korean peninsula
Universal Transverse Mercator projection

2008

Digital Number
High : 63

Low : 0

0 50 10025 km

1992

Figure 2. Long-Term Growth: Korean Peninsula

Source: See Figure 1.

Universal Transverse Mercator projection
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show the plot of real GDP in local currency units (LCU) over time. In this box we 
also show  predicted incomes from the statistical model presented later in the paper, 
where lights data are used to predict incomes in a panel framework.

Figure 3. Asian Financial Crisis: Java, Indonesia

note: Predicted income is based on the results in Table 2, column 1.

Source: See Figure 1.
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Rwandan genocide.—To illustrate how a large crisis event is reflected in lights, 
Figure 4 examines the Rwandan genocide. The lights clearly show a sharp tem-
porary dimming from 1993 to 1994, with a return to 1993 levels by 1996. This is 
visible for the capital Kigali as well as more minor urban centers. The graph in the 
figure shows officially measured GDP along with the level of GDP implied by the 
lights data from the specification in Section III.

We note in both Figures 3 and 4 lights underpredict the extent of measured income 
declines. For Indonesia, where national income data are relatively good, this could 
be underprediction of the true income decline. For Rwanda, national income data 
are less reliable and economic activity may have been poorly recorded in the period 
of genocide. These examples raise the possibility that lights respond asymmetrically 
to income changes, dimming less in downturns than they rise in periods of growth. 
In Section III we look explicitly at a form of generalized ratchet effects but reject 
them. It still may be the case, however, that lights respond sluggishly to short-term 
economic fluctuations, perhaps because lights are produced by durable goods. We 
believe lights data are best suited to predicting long-term growth and that is the 
focus of applications later in the paper.
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1994

Digital Number
High : 63

Low : 0

Universal Transverse Mercator projection

0 10 20 km

Figure 4: Genocide event: Rwanda

Figure 4. Genocide Event: Rwanda

note: Predicted income is based on the results in Table 2 column 1.

Source: See Figure 1.
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gemstones in madagascar.—As mentioned above, a major advantage of night 
lights data is that they can be used to examine changes in economic activity at a very 
local scale. In late 1998, large deposits of rubies and sapphires were accidentally 
discovered in southern Madagascar, near the town of Ilakaka. The region is now 
thought to contain the world’s largest sapphire deposit, accounting for around 50 
percent of world supply, and Ilakaka has become a major trading center for sap-
phires. Previously little more than a truck stop, Ilakaka’s population is now esti-
mated at roughly 20,000.13 The story of these developments can clearly be seen in 
the night lights data in Figure 5. In 1998 (and all of the previous six years for which 
we have data) there were no lights visible in Ilakaka. Over the next five years there 
was a sharp growth in the number of pixels for which lights are visible at all, and in 
the intensity of light per pixel. The other town visible in the figure, Ihosy, shows no 
such growth. If anything, Ihosy’s lights get smaller and weaker, as it suffers in the 
competition across local towns for population.

II. Lights as a Measure of Economic Activity

In this section we specify the estimating equation to relate lights to GDP growth, 
specify our assumptions concerning error structure, and develop a statistical frame-
work to show how measures of lights growth can be combined with measures of 
GDP growth to arrive at an improved estimate of true income growth.

Let y be the growth (or log difference) in true real GDP, z the growth of real GDP 
as measured in national income accounts, and x the growth of observed light. The 
variance of true income growth is  σ  y  2  . For country j (with year subscripts suppressed 
for now), we assume that there is classical measurement error in GDP growth as 
recorded in national income accounts:

(1)    z j  =  y j  +  ε  z , j  , 

where the variance of  ε z  is denoted  σ  z  2  . Later we allow for the variance of the mea-
surement error in national income data,  σ  z  2  , to vary among country groups. 

The relationship between growth of lights and growth of true income is given by

(2)  x j  = β y j  +  ε x, j  ,

where the variance of  ε x  is denoted  σ  x  2 . The assumption underlying this specifica-
tion is that there is a simple constant elasticity relationship between total observable 
lights (X) and total income (Y):  X j  =  Y  j  

β , where β is the elasticity of lights with 
respect to income. As reported later, we consider different functional forms and 
controls for changes in dispersion of lights. Those experiments suggest (2) is appro-
priate. Since y is the growth rate of total income, we are assuming for this analysis 

13 Hamilton, Richard. BBC News Online. “Madagascar’s Scramble for Sapphires,” August 1, 2003. http://news.
bbc.co.uk/2/hi/africa/3114213.stm (accessed January 18, 2008). Hogg, Jonny. BBC News Online. “Madagascar’s 
Sapphire Rush,” November 17, 2007. http://news.bbc.co.uk/2/hi/programmes/from_our_own_correspondent/ 
7098213.stm (accessed January 18, 2008).
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that observable lights are increasing at the same rate in the number of people and 
per capita income.

We think of the error term in equation (2) as noise in the way measured lights 
growth reflects GDP growth. One source is measurement error in lights, the dif-
ference between true light emanating into space and what a satellite records. But 
the measurement error also includes variation among countries in the relationship 
between GDP growth and growth of light emanation, due to variation in the mix of 
sectors that are growing. For example, the increased production of steel and software 
both represent additions to GDP, but the former results in a larger increase in visible 
light than the latter. Because we don’t think measurement error in GDP is related in 
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any consistent fashion to the error in the equation determining observable light, we 
assume that cov( ε x ,  ε z ) = 0.

While equation (2) specifies a production relationship between income and lights, 
in most applications we are concerned with using lights growth to predict income 
growth. As such, for predictive purposes, we want a regression of growth of income 
on growth of lights, or

(3)  z j  =    ψ  x j  +  e j   .

We present estimates of this equation in the next section, to look at how well 
lights reflect fluctuations and long term growth in income. The OLS parameter    ψ  
is cov(x, z)/var(x). Using the moments in (9b) and (9c) below, the relationship 
between    ψ  and the structural parameter β is

(4) plim (   ψ ) =   1 _ β   (  
 β  2   σ  y  2 
 _  

 β  2   σ  y  2  +  σ  x  2 
  ).

While the parameter    ψ  is an estimate of the inverse of the elasticity of lights with 
respect to income, by construction (inversion of the production relationship and 
measurement error in x), as equation (4) indicates it is a biased estimate. Equation 
(3) using    ψ  is, however, a best fit relationship to be used in producing proxies for 
income growth. Call these proxies     z   j  =    ψ  x j   .

One seeming difficulty is that while our procedure calls for forming proxies for 
income growth based on lights growth, the predictive parameter    ψ  is itself estimated 
using data on income growth. What if there is not good data on income growth with 
which to estimate this predictive relationship? This is in fact not a problem. Under 
our assumption that cov( ε x  ,  ε z ) = 0, the degree of measurement error in GDP growth 
has no effect on the estimated value of the parameter in equation (3). Below, we esti-
mate    ψ  separately for good and bad data countries, and get very similar results.

Fitted values of income growth based on lights growth, that is    z  , can be created for 
subnational units such as cities as well as for countries in which there are no avail-
able income data. Further, however, even where there are available income data, 
fitted values from lights can be used to improve the precision of estimated income 
growth. Specifically,    z   is a separate estimate of income growth which can be com-
bined with a national account measure to arrive at a composite estimate of income 
growth which will have lower error than either one separately. Specifically, consider 
a composite estimate of income growth,    y :

(5)     y  j  = λ  z j  + (1 − λ)     z   j   .

We specify weights that minimize the variance of measurement error in this estimate 
relative to the true value of income growth. As long as the optimal weight on    z   is posi-
tive, use of night lights improves our ability to measure true GDP growth. In fact, we 
will argue that for poor data countries, the weight on    z   is likely near one half.



1008 thE AmERicAn EcOnOmic REViEW ApRiL 2012

Based on our assumptions about error structure, the variance of this composite 
estimate is

(6) var (   y  − y) = var (λ (z − y) + (1 − λ)(   z   − y)) 

  =  λ 2   σ  z  2  + (1 − λ ) 2  var (   z   − y).

The last term in this equation can in turn be expanded as follows:

 var (   z   − y) = var (   ψ  x − y) = var (   ψ  βy +    ψ   ε x  − y) 

  = (   ψ β − 1 ) 2   σ  y  2  +     ψ  2  σ  x  2 .

Using the value of    ψ  from equation (4), this can be rewritten as

 var (   z   − y) =   
 σ  y  2   σ  x  2 
 _  

 β  2   σ  y  2  +  σ  x  2 
   .

Substituting this into the equation for variance:

(7) var (   y  − y) =  λ 2   σ  z  2  +  (1 − λ) 2    
 σ  y  2   σ  x  2 
 _  

 β  2   σ  y  2  +  σ  x  2 
   . 

From (7), we solve for the weight  λ *  which minimizes this variance:

(8)  λ *   =   
 σ  x  2   σ  y  2 
  __   

 σ  z  2  ( β  2   σ  y  2  +  σ  x  2 ) +  σ  x  2   σ  y  2 
   .

 λ *  is a function of four unknown parameters ( σ  y  2 ,  σ  x  2 ,  σ  z  2 , and β), but the observed 
data provide only three sample moments:

(9) var (z) =  σ  y  2  +  σ  z  2  (a)

 var (x) =  β  2   σ  y  2  +  σ  x  2  (b) 

 cov (x, z) = β  σ  y  2  (c).

Note for the last moment, cov(y, x) = cov(x, z).To solve the system and to solve for 
λ * , we need one more equation. Our approach to that equation is as follows.14

14 An alternative to the approaches discussed here would be to get an unbiased measure of    ψ  by regressing growth 
in lights on growth in measured income, using instrumental variables to correct for measurement error in income. 
Eligible instruments in this case would be any variables that drive income growth and which have measurement error 
that is uncorrelated with the measurement error in income. Investment in physical or human capital, changes in institu-
tions, and similar variables would be potential candidates. In general, we were concerned about the validity and power 
of any instrument for z. For countries with poor quality national income data in particular, we could not find variables 
that were sufficiently good predictors of income growth and were available for a large enough number of countries.
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In general, one needs to make an assumption about the ratio of signal to total vari-
ance in measured GDP growth z for a set of countries. Define this ratio as

(10) ϕ =   
 σ  y  2 
 _ 

 σ  y  2  +  σ  z  2 
    .

If we assume a specific value for ϕ then the optimal λ is given by

(11)  λ *  =   ϕvar (z) var (x) − cov (z, x ) 2 
   __   

var (z) var (x) − cov (z, x ) 2 
   =   ϕ −  ρ 2 

 _ 
1 −  ρ 2 

   ,

where ρ is the correlation between z and x.
We use a variant of this approach that uses information on the relative quality 

ratings of national income data provided by the IMF and World Bank. Suppose we 
impose the same lights-economic structure on a set of countries—that is, assume 
var (x) and cov(x, z) (and the estimate of ψ) apply to all countries in the set. But then 
we allow the income noise term,  σ  z  2 , to vary by country group within the set, using 
information on the quality of GDP measurement in different countries. Consider 
a simple case where the set of countries is divided into two groups with different 
levels of measurement error in GDP. Let g denote countries with good GDP mea-
surement and b denote countries with bad measurement. Now the first moment in 
(9) becomes two equations:

(12) var ( z g ) =  σ  y  2  +  σ  z, g  2
    (a);

 var ( z b ) =  σ  y  2  +  σ  z, b  2
    (b).

Along with the equations for var(x) and cov(z, x), we now have four equations with 
five unknowns (β,  σ  y  2 ,  σ  x  2  ,  σ  z, g  2

  ,  σ  z, b  2
  ). For the fifth, we only need to specify the value 

of signal to total variance  ϕ g  for the good data countries to solve for  σ  y  2  and  σ  z, g  2
  ,  

using (12a). Those parameters imply  ϕ b  and  σ  z, b  2
   for bad data countries, given (8) 

and (12b). Given the value of  σ  y  2 , the equation for cov(z, x) defines β and then the 
equation for var(x) tells us  σ  x  2 . With all parameters solved, we can then calculate  λ g  
and  λ b  for good and bad data countries, respectively, in equation (10).

At an extreme for good data countries, if  ϕ g  = 1 and thus  σ  z, g  2
   = 0 and  λ g  = 1, then 

(12) (where now var( z g ) =  σ  y  2 ) plus the equations for var(x) and cov(z, x) give the com-
plete solution. If we have more than two data quality groups, we can proceed in a 
similar fashion, where the ϕ for the best data countries implies  σ  y  2 , and in turn the  σ  z  2 ’s 
and ϕ’s for other groups. In Section IV below we present an application of this process.

A. data Quality Rankings

The procedure described above requires a measure of data quality or a classifica-
tion of countries into different data quality groups. The grade rankings in the Penn 
World Table are an example of such a classification, but as noted earlier, much of the 
concern in the PWT grading is with whether baseline surveys were conducted for PPP 
comparisons, which is not relevant here. Fortunately there are other rating schemes.
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The IMF grades countries’ statistical bureaus as high versus lower capabil-
ity. High capability means countries are subscribers to the IMF’s Special Data 
Dissemination Standard (SDDS) and meet a set of specifications for data provided 
to the IMF (with a view to data quality requirements desired in international capital 
markets). The SDDS grade defines a set of countries with reliable domestic income 
and price data. Most high-income countries meet that standard, but many low- and 
middle-income ones do not. Unfortunately, the set of non-SDDS countries is large and  
heterogeneous, and the IMF provides little guidance on varying capabilities within 
the group. Moreover, some countries do not subscribe to the IMF dissemination 
system and are not graded.

The World Bank (2002) reports an indicator of statistical capacity based on the 
availability, timeliness, and standard of several kinds of national accounts data for 
122 low- and middle-income countries with populations of more than 1 million.15 
The measure runs from 0 to 10. Within the group, ratings are positively correlated 
with income, although some low-income countries such as India get good scores. 
IMF SDDS countries that appear in the World Bank report all have scores of 5 or 
above, and most have scores of 7 or more. We will use this World Bank grading 
scheme for 118 countries for which we have other data, to define sets of countries 
that have better or worse national statistics. In particular, we will isolate a group of 
very low-quality data countries that have scores of 3 or less. These include Liberia 
and the Central African Republic, which have essentially no capability to produce 
reliable data, and countries like Burundi, Congo, Iraq, and Angola, which have 
extremely weak capabilities.

III. Predicting GDP with Lights

Our data’s capacity to measure true luminance varies across countries by climate 
and auroral activity. Further, measured luminance for the same GDP may vary with 
variation in the composition of production among different activities, the division 
of economic activity between night and day, and population density. Finally, world-
wide lighting technology may vary over time, which will affect the relationship 
between luminance and GDP. To mitigate these problems, we restrict attention to 
growth formulations and we estimate (3) in several ways. These emphasize differ-
ent cuts of the data: annual changes, deviations from trend, and long term growth.

First, in a panel context for 1992–2008, we write equation (3) in a log-linear form 
in levels and generalize the error structure in (3) to be

(13)    ̃  e  jt  =  c j  +  d t  +  e jt   

for country j in year t. In (13), year fixed effects ( d t ) control for any differences 
in lights sensitivity across satellites, as well as sweeping out effects of changes in 
worldwide economic conditions, technological advance, and energy costs. Country 

15 World Bank (2002) includes two tables with slightly different country lists, with 122 appearing in both lists. 
Also, we recalculate their data quality measure based on the underlying data provided in the second table, because 
the categorization provided in the first table does not exactly match the underlying data, due to what appears to be 
a minor coding error on their part.
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fixed effects ( c j ) control for cross-country cultural differences in the use of night 
lights versus daytime activities as well as economic factors such as differences in the 
composition of output, public versus private lighting, national conditions for gener-
ating electricity, and the like. Identification is from within-country relative variation 
in lights and income over time, relating growth and fluctuations in lights within 
countries to annual growth and fluctuations in measured income.

If we want to focus more on annual income fluctuations in equation (3) and less 
on growth, in addition to the error structure in (13), we add a country-specific time 
trend,  κ j  t. This formulation asks, for a country on a particular growth path, how well 
do lights predict fluctuations about that growth path? A country-specific time trend 
also allows for country-specific trends in activities generating lights and in socio-
economic uses of lights. In addition, we look at the possibility of “ratchet effects”: 
whether relative (to the country mean over time) increases and decreases in lights 
are symmetrically related to increases and decreases in income.

Finally we estimate (3) directly in differenced form to focus on long-run growth. 
We examine the period 1992/93 to 2005/06, because 2007 and 2008 are missing 
income data for more countries than any other years in the sample. In our applica-
tion in Section IV of the statistical model developed in Section II, we rely on the 
long differenced model.

A. Baseline Results

Annual growth and Fluctuations.—Table 2 presents some basic results for a 
slightly unbalanced panel of 188 countries over 17 years.16 Lack of balance arises 
primarily because some countries lack GDP data in certain years, particularly the 
most recent. There are also 22 country-years excluded because at least 5 percent of 
their land area south of the Arctic Circle is missing data due to summer lights, auro-
ral activity and/or cloud cover. On average, 177 countries appear in each year. The 
smallest number in any year is 164 in 2008. Column 1 shows the fixed effect results, 
with an estimate of ψ of 0.277. The coefficient is highly significant. Note the  R 2  of 
0.77 is a within- R 2 , but accounts for the role of year dummies. Later we report the  
R 2  (about 0.21) for data demeaned over countries and years.

Column 2 of Table 2 suggests a quadratic specification does not fit the data. 
Figure 6a shows this nonparametrically, graphing the  z jt  ,  x jt  relationship net of year 
and country effects. The pictured relationship indicates a linear specification in the 
growth rates is appropriate. In the online Appendix, we show also a linear nonpara-
metric relationship over the restricted domain [−0.4, 0.4] where most changes in 
lights occur. We conducted a RESET test (Ramsey 1969) of this specification (net of 
year and country fixed effects). Linearity for the overall sample is rejected (p-value 
of 0.006), but there is no compelling higher-order specification. In quadratic through 
a fifth order polynomials expansions, the higher order terms are always insignifi-
cant. Below we will show that a long difference specification is distinctly linear, 
meeting the RESET standard.

16 We exclude Bahrain and Singapore because they are outliers in terms of having a large percentage of their 
pixels top-coded, Equatorial Guinea because nearly all of its lights are from gas flares (see Section V below), and 
Serbia and Montenegro because of changing borders.
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Column 3 controls for the number of pixels that are top-coded and the number that 
are unlit. The former is significant but the estimate of ψ is virtually unchanged as 
is the  R 2 . In column 4, we control for dispersion of lights within a country by using 
the Gini coefficient for lights among pixels within a country. The coefficient on 
lights is the same as in column 1 and the Gini has an insignificant coefficient. These 
 experiments suggest country fixed effects deal well with varying lights dispersion 
and unlit areas across countries.17

In columns 5–7 of Table 2 we explore the relationship between GDP, lights, and 
electricity consumption. We use electric power consumption in total kilowatt hours 
(KWH) from the World Development Indicators database. The measure encompasses 
output from power plants, but excludes small generators unconnected to the power 
grid. Most lights observable from space are from electric illumination. If we estimate a 
panel regression of log lights on the log of KWH, we get a highly significant elasticity 
of 0.491, and a within R2 of 0.56, including the effect of year dummy variables.

Could we substitute electricity consumption for lights data, or could we gain by 
using both, ignoring the issue that electricity consumption data are only available 
for 61 percent of our observations? To start, column 5 repeats the specification of 
column 1 for the sample of country-years for which electricity consumption data are 
available, showing that the results are little changed by the reduction in sample. In 

17 In early work, we also tried interactions of the Gini with lights and a translog formulation of the two, but the 
results suggest the simple log-linear model fits the data just as well. To measure dispersion one could also use the 
standard deviation of lights within a country. Even after factoring out country and year fixed effects, however, the 
simple correlation between the standard deviation and mean of lights is 0.88. Note the Hirschman-Herfindahl index 
can be decomposed into a part related to the standard deviation and a part to do with number of pixels per country; 
the latter is already controlled for by country fixed effects.

Table 2—Baseline Results for the World: 1992–2008; Growth in Real GDP (constant LCU)

ln (GDP) ln (GDP) ln (GDP) ln (GDP) ln (GDP) ln (GDP) ln (GDP) ln (GDP)
(1) (2) (3) (4) (5) (6) (7) (8)

ln (lights/area)  0.277*** 0.2618*** 0.2662*** 0.286*** 0.282*** 0.166*** 0.284***
[0.031] [0.0344] [0.0314] [0.034] [0.046] [0.051] [0.030]

ln (lights/area) sq. −0.0058
[0.0060]

ln (count 0.0115*
 top-coded + 1) [0.0059]
ln (unlit) −0.0124

[0.0122]
Spatial Gini 0.165

[0.194]
ln (KWH) 0.283*** 0.201***

[0.047] [0.041]
Observations 3,015 3,015 3,015 3,015 1,853 1,853 1,853 3,015
Countries    188    188    188    188    128    128    128    188
(Within country) R2 0.769 0.769 0.770 0.769 0.757 0.767 0.782 0.770

notes: All specifications include country and year fixed effects. Column 8 excludes regions with gas flares. Robust 
standard errors, clustered by country, are in brackets.

*** Significant at the 1 percent level.
 ** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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columns 6 and 7 we look at the predictive power of electricity. Column 6 shows a 
regression corresponding to columns 1 and 5, except that the log of total electricity 
consumption replaces lights, while column 7 includes both measures. In column 
6, electricity consumption has essentially the same predictive power for GDP and 
the same elasticity as does lights. When the two measures are included together in 
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column 7 both remain significant, indicating that they may not capture exactly the 
same aspects of economic activity, but explanatory power is only modestly improved 
by the inclusion of both. We might also worry that lights are produced on an inten-
sive margin (more usage by those connected to an existing grid) versus an extensive 
margin (extensions of the grid and more connections to an existing grid). Does 
knowing about the extensive margin help predictive power? For a very small sample 
of country-years, the nationally representative Demographic and Health Surveys 
(DHS)18 contain information on household connections to electricity, with which 
we can try to explore whether adding information on the extensive margin improves 
our ability to predict measured GDP growth. In the sample, growth in connections 
yields insignificant effects and no increased explanatory power relative to either just 
controlling for lights or controlling for both electricity consumption and lights.19

In sum, while electricity consumption could be used to predict GDP growth, the 
key issue is that electricity data are available for far fewer countries than are lights. 
Only 16 of the 30 countries we will later define as bad GDP data countries have 
electricity data, and many of the countries with no GDP data (such as Afghanistan 
and Somalia) also do not have electricity data. Second and very critically, electricity 
usage is generally unavailable for subnational areas, whereas lights are available for 
pixels of size less than a square kilometer across the globe.

As discussed above, our data are filtered to remove natural sources of night light, 
such as auroral activity. Of the remaining man-made lights, the majority are artifi-
cial lights generated so that people can see things at night. The largest exception 
are lights generated by the flaring of natural gas, as a byproduct of oil production. 
Elvidge et al. (2009) delineate polygons in which observed lights in 1992, 2000, or 
2007 are primarily from gas flares. 0.9 percent of the world’s land area, with 0.34 
percent of world population in 2000, fell into these polygons. 3.1 percent of land-
based lights emanated from them. In column 8 we report results from a regression 
corresponding to column 1 in which we exclude all pixels that fell within the gas 
flare polygons. The results change very little.

Annual Fluctuations.—Table 3 explores the two other types of income change 
in which we are interested: annual fluctuations in income and long-term growth. 
Column 1 shows the baseline fixed effects result from Table 2. Column 2 in Table 3 
adds country time trends, so lights now just explain deviations of GDP about a coun-
try’s growth path. While the value of ψ falls to 0.180 from 0.277, it is still highly 
significant, suggesting the data do a reasonable job of just predicting annual fluctua-
tions, consistent with the examples we looked at in Section II. Later, when we turn 
to our sample of low- and middle-income countries where we apply the lights data, 
the value of ψ remains around 0.3 with or without country-specific time trends.

To explore fluctuations further, in column 3, we examine the ratchet issue: the 
possibility that because some lights growth reflects the installation of new capacity, 
lights are nondecreasing, so that economic downturns will not be reflected in lights. 
For column 3, we completely demean the data by regressing GDP and lights on 

18 MEASURE DHS (1985–2010). For the 23 surveys conducted over the course of 2 different calendar years, we 
match to our annual data using the year of the median survey month.

19 Results available upon request.
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year and country fixed effects, and then regress the GDP residuals on two variables: 
absolute value positive and negative lights residuals. Positive residuals indicate 
deviations of lights above average for the time interval for that country and nega-
tive residuals are deviations below. They have virtually identical coefficients (of 
opposite sign given absolute values), consistent with an absence of ratchet effects. 
Further, the coefficient estimates are almost identical to that in column 1. The  R 2  of 
0.21 reflects the contribution of lights to explaining within-country and within-year 
variation in income.

Long-term growth.—The last two columns of Table 3 explore the original equa-
tion (3) formulation, relating long-term growth in lights to long-term measured GDP 
growth. For this we use long differences between 1992/93 and 2005/06. The long 
difference estimate of ψ is 0.320, a little higher than the fixed effect value of 0.277, but 
close and also highly significant. The  R 2  is 0.28. Column 5 adds controls for changes 
in top-coded and unlit pixels, which have little effect on the ψ and  R 2 . Figure 6b shows 
the plot of the raw long differences in lights versus GDP for each country. As in Figure 
6a, the nonparametric fit of raw numbers appears linear. And in this case, the Ramsey 
RESET test distinctly cannot reject linearity, with a p-value of 0.72.

B. Sample of Low- and middle-income countries

We now turn to a subsample of 118 low- and middle-income countries for which 
we have the World Bank’s ratings of statistical capacity. There are also 27 high- 
income countries not rated by the World Bank that we know from IMF ratings 
have high-quality data. We omit these from the sample we now analyze for several 

Table 3—Lights Up/Down, Time Trend, Long Difference

Fixed 
effects

Country 
time trend

Demeaned 
plus/minus

Long 
difference

Long 
difference

(1) (2) (3) (4) (5)

ln (lights/area) 0.277*** 0.180*** 0.320*** 0.302***
[0.031] [0.036] [0.037] [0.037]

⎮ + ∆ ln (lights/area)⎮ 0.274***
[0.039]

⎮ − ∆ ln(lights/area)⎮ −0.279***
[0.056]

ln (top-coded + 1) 0.021
[0.015]

ln (unlit) −0.0077
[0.0242]

Time effects Yes Yes In demean No No
Country effects Yes Yes In demean No No

Observations 3,015 3,015 3,015 170 170
Countries    188    188    188 170 170
(Within country) R2 0.769 0.904 0.209 0.279 0.288

notes: Robust standard errors (clustered by country except in column 2) in brackets. In columns 4 and 5, long dif-
ferences are formed by averaging the first and last two years of levels data.

*** Significant at the 1 percent level.
 ** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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reasons. The first has to do with lights measurement. These high-income countries 
include a number of northern countries where in some years lights have poor cov-
erage because of aurora activity, lit summer nights, and cloud cover in the winter. 
They also include countries where top-coding is more prevalent. Second, we believe 
the economic structure for these countries as given in the last two moments in (9) 
may differ from low- to middle-income countries. For example, in the long differ-
ence specification we use in the next section, these countries’ ψ (and also β) seems 
to differ from our middle- to low-income countries. While the sample is too small 
to get strong results for high-income countries on their own, for a pooled sample 
of these high-income countries with our low- to middle-income ones, the overall 
coefficient (Standard Error) for ψ is 0.321 (0.042), and the differential in coefficient 
for the high-income countries is −0.144 (0.143). This suggestion of a lower ψ for 
high-income countries persists in all formulations.

For the 118 (113 in long differences) low- to middle-income countries with 
a World Bank rating, we repeat the estimation of the three cases—fixed effects, 
fixed effects with a country-specific time trend, and long differences. Results are in 
Table 4. They are similar to what we had before, except that now ψ is about 0.3 in all 
formulations; in particular it doesn’t drop off once country growth trends are added.

With this sample, we now explore the idea that countries with different statistical 
ratings have different variances of measurement error in income ( σ  z  2 ), with variances 
declining as ratings improve. In particular, the regression results can be used to 
directly calculate the variance of z −    ψ x. Under our assumptions this variance can 

Table 4—Results for Rated Low–Middle Income Countries; Growth in Real GDP (constant LCU)

Fixed effects Country time trend Long difference

(1) (2) (3)

panel A

ln (lights/area) 0.307*** 0.270*** 0.327***
[0.037] [0.043] [0.046]

Constant n/a n/a 0.365***
[0.028]

Observations 1,953 1,953 113
Number of countries    118    118 113
(Within-country) R2 0.780 0.903 0.300
Country fixed effects Yes Yes No
Year fixed effects Yes Yes No
Country time trend No Yes No

panel B

Difference in ψ for good data countries 0.042 −0.014 0.096
 (reestimated base ψ not shown) [0.063] [0.063] [0.091]
Heteroskedasticity: 
 Breusch-Pagan p-value <0.00005 <0.00005 0.0395

Regression of squared residuals:
 Good data dummy −0.0054*** −0.0017* −0.0292

[0.0017] [0.0010] [0.0183]

notes: Robust standard errors in brackets. In column 3, long differences are formed by averaging the first and last 
two years of levels data.

*** Significant at the 1 percent level.
 ** Significant at the 5 percent level.
  * Significant at the 10 percent level.
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be shown to equal [ σ  y  2  −  β  2  σ  y  4  / var(x)] +  σ  z  2 . By imposing a common GDP-lights 
relationship across all low- and middle-income countries, we are assuming only  σ  z  2 
varies across sets of countries, as in equation (12a) versus (12b). In this context, we 
separate out from our sample of 113 countries 30 low- to middle-income countries 
that have very bad ratings: 0–3 out of 10, to compare with the remaining better data 
low- to middle-income countries.

In the bottom part of Table 4, in the first row, we show the results from a regres-
sion that allows the slope coefficient on lights to differ for bad data countries. As 
the row reveals, the differential between good and bad data countries is generally 
small for the different empirical formulations and in all cases is insignificant. 
This supports the idea that good-rated versus bad-rated low- and middle-income 
countries have similar ψs and GDP-lights relationships. In the next line in the 
bottom part of the table, however, Bruesch-Pagan tests indicate heteroskedastic-
ity in the residuals between the two groups of countries. Given that, the last rows 
report results of a simple regression of squared residuals from panel A, (z −    ψ x 
) 2 , on a constant term and a dummy variable for good data countries. This shows 
whether the  σ  z  2  in var(z −    ψ x) = [ σ  y  2  −  β  2  σ  y  4  / var(x)] +  σ  z  2  differs for good data 
countries; that is, whether  σ  z, b  2

   >  σ  z, g  2
  . In columns 1 and 2 the differential for good 

data countries is negative and significant; in the third column the point estimate is 
also negative but insignificant.

It is also interesting to do a finer cut on good data countries, to look at the best 
data low- to middle-income countries, those with a rating greater than 6 (as opposed 
to just greater than 3). Following the Table 4 column format, we regress the squared 
residuals on a constant and 2 dummy variables: 1) if a country has a rating of 4–6 
and 2) if it has one of 7 or more. The constant term (Standard Error) and coefficient 
(Standard Error) on the dummy variable for 7 or more are, respectively, for the 
fixed effect, trend and long difference cases: {0.0165 (0.0014); −0.0101 (0.0021)}; 
{0.0068 (0.0008); −0.0044 (0.0013)}; and {0.069 (.016); −0.041 (0.023)}.20 That 
is, relative to bad data countries (the constant term), the best data countries on aver-
age have squared residuals that are less than half those of bad data countries. In sum, 
given the evidence, we proceed under the assumption that bad data countries have 
a higher  σ  z  2  in equation (12) and a lower signal to total variance ratio, ϕ, in equa-
tion (10), (i.e.,  ϕ b  <  ϕ g ).

IV. Improving Estimates of True GDP Growth

As an application of the model we turn to the issue of how to augment mea-
sured GDP growth with lights data to obtain an improved estimate of true income 
growth. The sample we use is the 113 low- to middle-income countries whose statis-
tical capacity is rated by the World Bank and who have GDP data for 1992/93 and 
2005/06. We focus on the set of 30 bad data countries whose ratings are between 
0 and 3 (out of 10), but also examine the rest of low- to middle-income countries.

To solve the model, as presented in Section II, we assume a common GDP-lights 
relationship (moments (9b) and (9c)) for the set of 113 countries together. We also 

20 The coefficients on the dummy variable for countries with a rating of 4–6 are also negative, but they are some-
what smaller than those for the best data countries and at best weakly significant.
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solve the model treating bad data countries as having a separate GDP-lights relation-
ship. We comment on these latter results, but they are very similar to what we present 
for the overall sample. We use (12a) as applied to the 83 good data countries and (12b) 
as applied to the 30 bad data countries, where  σ  z, b  2

   >  σ  z, g  2
  . To close the model we 

assume a specific  ϕ g  for good data countries in (10) which together with (12a) gives us  
σ  y  2  and  σ  z, g  2

   , which in turn defines  σ  z, b  2
   in (12b) and  ϕ b  in (10). Given  σ  y  2 , the moments 

(9a) and (9b) define the rest of the parameters of the model, including β. Given all the 
parameters, we can then solve for the weights on measured GDP growth and predicted 
GDP growth from lights for both good and bad data countries to use in getting an 
improved estimate of true income growth,    y , in equation (5). In equation (5), for good 
(bad) data countries  λ g ( λ b ) is the weight on measured GDP growth.

Table 5 presents some basic calculations. We do the calculations for differ-
ent assumed values of signal to total variance ratios for good data countries,  
ϕ g  , looking at  ϕ g  = 1, 0.9, 0.8, 0.7, and 0.6. For these values of  ϕ g  , the implied 
weights on measured income for good data countries are respectively 1, 0.85, 
0.71, 0.58, and 0.45, indicating that the measured income weight drops off 
sharply as the signal to total variance ratio declines somewhat modestly. For the 
same  ϕ g s, the implied  ϕ b s are 0.66, 0.59, 0.53, 0.46, and 0.40, and implied  λ b s 
are 0.56, 0.48, 0.41, 0.33, and 0.26 respectively. By construction, bad data coun-
tries have much lower signal to total variance ratios and weights for measured 
income. The resulting β  s vary from 1.03 to 1.72. In the next section, we will 
present our estimates of true income growth for the bad data countries for the 
case in row 2 of Table 5 where  ϕ g  = 0.9 and hence  ϕ b  = 0.594. Since we focus 
on this case, we note the full set of results for it. In particular, Table 5 tells us that 
for this case β = 1.15; and we note that  σ  y  2  = 0.054,  σ  z, g  2

   = 0.006, σ  z, b  2
   = 0.037,  

σ  x  2  = 0.128; β = 1.15 is the point estimate of the “structural” elasticity of lights 
growth with respect to income growth, an elasticity that is close to one, so that 
the long-term rate of lights growth approximately equals the long-term rate 
of true income growth. This estimate of β for this case is from a specification 
where we assume a common GDP-lights relationship across all low- to middle-
income countries, so that we pool all low- to middle-income countries in using 
the moments (9a) and (9b). If we assumed poor data countries have a different 
economic structure from good ones, solved the model by using (9a)–(9c) applied 
just to those 30 countries, and specified  ϕ b  = 0.594 in (10), we would calculate  

Table 5—Solving the Statistical Model

Signal to total variance 
of measured income

Weight for measured income growth in 
calculation of true growth

Good data  
countries:  

 ϕ g 

Bad data  
countries:  

 ϕ b 

Structural effect of 
true income growth  
on lights growth β

Good data  
countries:  

 λ g 

Bad data  
countries:  

 λ b 

1 0.660 1.034 1.0 0.564
0.9 0.594 1.149 0.852 0.484
0.8 0.528 1.293 0.711 0.407
0.7 0.462 1.478 0.576 0.333
0.6 0.396 1.724 0.449 0.263

note: 30 bad data countries, 83 good data countries.
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β = 1.51 and  λ b  = 0.48. That β is higher than the estimate in Table 5 but based on 
a very small sample. When we bootstrap its standard errors, the estimate in Table 
5 is well within its confidence interval.

A. Estimates of true income growth for Bad data 
Low- to middle-income countries

For our 30 bad data countries, following row 2 of Table 5, we apply the weight 
0.48 to the reported GDP growth rates in local currency units and a weight of 0.52 to 
our fitted values from equation (3), to get an estimate of the average annual growth 
rate of true income,    y , for each of the 30 countries. For good data countries, the 
corresponding weight on measured income is 0.85. We do not report composite 
estimates for good data countries.

For bad data countries, Table 6 reports measured income growth, predicted 
income growth from lights, and our composite estimate of true income growth. 

Table 6—Average Annual Growth Rates in True Income for Bad Data Countries 
(percent) 1992/93–2005/06

Country
ISO 
code

WDI 
(LCU)

Fitted 
lights

Optimal 
combination 
of WDI and 
fitted lights  Difference

Myanmar MMR 10.02 3.26 6.48 −3.22
Angola AGO 6.99 3.88 5.37 −1.51
Nigeria NGA 4.04 1.92 2.94 −1.06
Sudan SDN 5.92 4.01 4.93 −0.94
Vietnam VNM 7.60 5.80 6.67 −0.87
Burkina Faso BFA 5.80 4.45 5.10 −0.66
Benin BEN 4.52 3.49 3.99 −0.51
Ghana GHA 4.60 3.71 4.14 −0.44
Rwanda RWA 3.06 2.25 2.64 −0.40
Oman OMN 4.28 3.83 4.05 −0.22
Algeria DZA 3.29 2.85 3.06 −0.22
Mali MLI 5.08 4.76 4.92 −0.16
Iran, Islamic Rep. IRN 4.03 3.74 3.88 −0.15
Cameroon CMR 3.29 3.00 3.14 −0.14
Niger NER 3.48 3.21 3.34 −0.14
Sierra Leone SLE 3.04 2.78 2.91 −0.13
Gambia, The GMB 3.80 3.73 3.76 −0.03
Liberia LBR 6.75 7.03 6.89 0.14
Central African Republic CAF 1.59 1.94 1.77 0.18
Mauritania MRT 3.68 4.04 3.86 0.18
Swaziland SWZ 3.42 3.93 3.68 0.26
Lebanon LBN 3.85 4.43 4.15 0.29
Madagascar MDG 2.74 3.38 3.07 0.32
Eritrea ERI 3.51 4.97 4.26 0.73
Guinea-Bissau GNB −0.29 1.40 0.58 0.87
Congo, Rep. COG 2.63 5.03 3.86 1.20
Haiti HTI −0.28 2.73 1.27 1.55
Côte d’Ivoire CIV 1.82 4.91 3.40 1.56
Congo, Dem. Rep. COD −0.52 3.05 1.30 1.84
Burundi BDI −0.71 2.89 1.13 1.85
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We also report the difference between our estimate of the true growth rate and the 
official WDI growth rate. Figure 7 presents a graphical version of the comparison. 
The horizontal axis records the annualized growth rate of GDP between 1992/93 
and 2005/06 as measured in the WDI while the vertical axis shows the same 
thing as measured by the lights data. Points near the 45 degree line in Figure 7 are 
 countries where the two measures give similar results. The further above (below) the 
45 degree line is a data point, the higher (lower) is growth in lights data in compari-
son to growth in the WDI data. The figure also shows a set of iso-composite growth 
lines, where each iso-composite growth line shows the combinations of lights- and 
WDI-based growth rates for which our calculated true growth rate is the same. The 
slope of these iso-composite growth lines (but not the position of the data points on 
the graph) will vary with the assumed value of  λ b ; as the weights on lights-based 
growth rates decline, lines become steeper but the points at which they intersect the 
45 degree line do not change.

The figure and table suggest that, as would be predicted by a standard analysis 
of measurement error, growth is more likely to be underestimated in the WDI for 
countries with low measured income growth rates, and overestimated in the WDI 
for some countries showing very high growth rates. But there is a lot of variation 
across countries in the adjustment. By reading the true growth rates versus WDI- 
and lights-based numbers in Table 6, or by viewing the divergence between the 
WDI- versus lights-based numbers in Figure 7, one can see that, after adjustment, 
countries like the Republic of Congo (COG), Côte d‘Ivoire (CIV), and Haiti (HTI) 
have noticeably higher growth rates, while the number for The Gambia (GMB) is 
the same. We somewhat downgrade certain higher growth rate countries like Angola 
(AGO) and Nigeria (NGA) but not Liberia (LBR) or Mali (MLI).
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Figure 7. Growth in Fitted Lights versus WDI for Bad Data Countries 1992–2006
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For these bad data countries at the tails of high or low recorded growth, such as 
Myanmar (MMR) and Burundi (BDI), we strongly amend recorded growth rates. For 
example, in Burundi, the WDI data imply an annual average growth of GDP of −0.71 
percent per year while the satellite data imply growth of 2.89 percent per year. The 
optimally weighted average is 1.13 percent. In Myanmar, the WDI data say that GDP 
grew at an annual rate of 10.0 percent while the lights data imply an annual growth 
rate of 3.26 percent. In both these cases, there is reason, beyond the night lights data, 
to suspect that GDP is particularly poorly measured in the WDI. Burundi experienced 
civil war and reconstruction for much of the period for which we have satellite data, 
while the economy in Myanmar was largely autarkic and nonmarket, with a governing 
regime that would not be averse to exaggerating GDP growth.

B. Elasticity of Lights with Respect to income

Our focus in this paper is on producing improved estimates of GDP growth in 
countries with bad data and on producing estimates of GDP growth for subna-
tional regions. A byproduct of this procedure, interesting in its own right, is the 
estimate of the elasticity of lights with respect to income. As discussed above, the 
parameter    ψ  is a biased estimate of the inverse of this elasticity. Using the aux-
iliary assumptions about measurement error required to form proxies for income 
growth, however, we also produce direct estimates of the elasticity, β. For a high 
signal-to-total variance ratio, which we expect in good data countries, the elastici-
ties in column 3 of Table 5 are close to one for low- to middle-income countries. 
We think the lights-GDP relationship for high-income countries may differ struc-
turally, but have insufficient sample to repeat the structural exercise for them with 
any degree of confidence. Recall also that, as reported earlier and in the online 
Appendix, for a limited sample, the estimated elasticity of true radiance with 
respect to standard night lights data is close to one. This implies that the elasticity 
of true radiance with respect to GDP is also close to one.

We can think of mechanisms that would tend to push the elasticity both higher 
and lower than one. There are large fixed costs associated with electricity distribu-
tion, which could lead to a convex relationship between income and lights output 
around some income threshold, and thus an elasticity greater than one. On the other 
hand, there could be diminution in the rate of increase of lights as income rises. For 
example, with more urbanization there is a greater likelihood of people living above 
one another, so that some lights are blocked from reaching space; and there may be 
economies of scale in the use of lights, such as street lamps. These factors would, a 
priori, produce an elasticity lower than one. Regardless, for low- and middle-income 
countries, it appears that using an elasticity of one between true income and true 
lights growth is reasonable.

V. Additional Applications

As discussed above, one natural application of the night lights data is to improve 
estimates of GDP growth at the national level. Night lights data, however, are also 
well-suited to looking at growth in both subnational regions and in spatial group-
ings that cross national borders. In these cases typically no reliable real income 
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data are available on a consistent basis. Thus, night lights data allow us to broaden 
the set of questions researchers investigate. The recent rapid development of spa-
tial analytical tools and datasets points to a number of research directions in which 
empirical growth analysis need no longer be tied exclusively to the availability of 
national income data.

To illustrate this point, we apply the night lights data to growth questions that 
require subnational data but go beyond national borders. The application is to 
sub-Saharan Africa, where alternative sources of data are of lowest quality and 
where the questions we look at are compelling.21 We consider coastal versus non-
coastal growth (Gallup, Sachs, and Mellinger 1999), primate city versus hinterland 
growth (Ades and Glaeser 1995, and Davis and Henderson 2003), and growth in 
malarial versus nonmalarial areas (Weil 2010). In addressing these issues, we are 
not trying to resolve particular debates, since that would require much more detailed 
analysis. Instead we provide a few facts about where growth is occurring in sub-
Saharan Africa overall, from which further analyses could proceed.

For each of our three cases, we start by dividing up the continent into two or more 
zones (e.g., coastal versus noncoastal) based on a particular criterion. We then sum 
the digital number for all pixels in each zone and look at the log difference between 
the average for the first two years in our data (1992 and 1993) and the last two years 
(2007 and 2008). We then compare this log change across zones. This procedure 
implicitly allows for both zone and time fixed effects. Note that we are able to use 
more recent data, in comparison to Section IV, because we are not constrained to 
look at years in which GDP data are available.

The issue of lights from gas flares, mentioned above in the context of our global 
regressions, is particularly acute in sub-Saharan Africa. Recall that for the world as 
a whole, polygons containing gas flares represented 0.9 percent of land area, 0.34 
percent of population, and 3.2 percent of lights emanation. For sub-Saharan Africa 
as we have defined it, these figures (for the year 2000) are 0.22 percent of land area, 
1.5 percent of population, and 30.7 percent of lights emanation.22 For this reason, 
we conduct our analysis in this section excluding areas with gas flaring.

A. growth on the coast versus in the interior

Mellinger, Sachs, and Gallup (2000) report that the 49.9 percent of the world’s 
population that lives within 100 kilometers of the ocean or of an ocean-navigable 
waterway produces 67.6 percent of world GDP—twice the level of GDP per capita 
of people who live away from the sea. Gallup, Sachs, and Mellinger (1999) find 
that the fraction of a country’s population that lives within 100 km of an ocean or 
ocean-navigable river has a significantly positive coefficient in a standard growth 
regression. They follow Adam Smith in arguing that distance from the ocean means 
that some regions are excluded from the opportunity to reap benefits from trade, and 

21 Specifically, we use data from the set of 41 countries defined as follows: all of mainland Africa plus 
Madagascar, minus the 5 countries that border the Mediterranean Sea, South Africa, and Equatorial Guinea. We 
drop South Africa, as is standard in talking about sub-Saharan Africa since it is such an outlier in terms of level of 
development, and we drop Equatorial Guinea because over 90 percent of its recorded lights are from gas flares in 
most years (see text below).

22 88.8  percent of the lights from gas-associated polygons in sub-Saharan Africa come from Nigeria.
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thus impeded in their ability to develop economically. In their work, population data 
are widely available for subnational regions that can mapped into the geographic 
categories that they define. But subnational income data are available for only 19 of 
152 countries in their sample, almost all of them wealthy.

We revisit this issue for sub-Saharan Africa with its 15 landlocked countries and 
poor-quality road system linking interior areas to the coast (Buys, Deichmann, and 
Wheeler 2010). During the period for which we have lights data, world trade volume 
increased by a factor of 2.5, making the examination particularly compelling. We 
are thus interested in the relative performance of regions with and without access to 
the sea over this period.

To generate the coastal variable, we started with the 100-km buffer of coast-
lines and navigable rivers from Mellinger, Sachs, and Gallup (2000). Because their 
 coastlines didn’t line up exactly with ours, we added all contiguous areas that fell 
in the ocean in their classification to our coastal zone. Our finding is that, in sub-
Saharan Africa, inland lights grew 0.131 log points more than coastal areas over the 
15-year period 1992/93 to 2007/08. Using the    ψ  coefficient of 0.327 from the long 
 difference estimation in column 3 of Table 4, the lights data imply that the increase 
in total GDP inland was 4.2 percent greater than on the coast—a difference of 1⁄3 of 
a percent per year. While we cannot say anything about the long-run benefits over 
centuries of being on the coast, during a period of rapidly growing trade, coastal 
areas in Africa grew more slowly than noncoastal areas. There may be a number 
of competing explanations for this, including the new economic geography debate 
about whether increases in external trade benefit coastal versus interior areas (Fujita, 
Krugman, and Venables 1999). The supposedly inherent advantage of coastal loca-
tion for growth in this period in sub-Saharan Africa does not dominate other forces 
that may have been at work.

B. primate cities versus hinterland

Increased urbanization is an integral part of economic growth. Over the past 
several decades, however, many observers have argued that in the context of the 
developing world, there has been an unhealthy focus of growth in very large, 
dominant cities, which are known as “primate cities.” In particular it is noted 
that in many developing countries, the largest city is disproportionately large in 
comparison to the rest of the distribution of city sizes. This size discrepancy is 
believed to result from superior provision of public goods and opportunities for 
rent seeking (Ades and Glaeser 1995, and Davis and Henderson 2003). Henderson 
(2003) provides empirical evidence that economic growth in developing countries 
is slowed by overconcentration of cities, although, because of data requirements, 
there are almost no sub-Saharan African cities in his sample. Duranton (2009), 
summarizing this literature, concludes that “[t]he potentially large misallocation 
of resources associated with primate cities suggests that policies to reduce urban 
primacy are needed.”

We ask how the growth of primate cities has compared to growth in other 
places (either nonprimate cities or rural areas) for the period for which we 
have data. For our analysis, we define primate cities as follows. First, lights are 
summed across all satellite-years. Contiguously lit polygons are defined based 
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on this set of summed lights. We define the polygon containing the city with the 
highest population as the primate.23 The remainder of each country is designated 
as hinterland.24 Again we are doing an aggregate comparison across the nations 
of sub-Saharan Africa to see what the overall differential growth pattern has 
been in this time period.

The change in log digital number was 0.023 larger in hinterland areas than primate 
cities. Again using the    ψ  coefficient from Table 4, column 3, this differential translates 
into a tiny (1 percent over 15 years) difference in GDP growth between the two types 
of areas. A detailed study would be required to explain the result. It could be that 
primate cities have reached the point of strong diminishing returns to scale. Perhaps 
less likely, it might be that sub-Saharan African countries have increased their relative 
investment in hinterland areas compared to primate cities. Regardless of whether sub-
Saharan countries are continuing to favor primate cities in policy making, hinterland 
areas are growing at least as fast as primate cities. Of course if primate cities have con-
tinued to be heavily favored in this time period, this suggests that the money is being 
wasted—it is not producing higher growth rates.

C. the Effect of malaria on growth

An extensive literature examines the effect of disease in general, and malaria in 
particular, on economic growth in sub-Saharan Africa. Although the negative cor-
relation between income levels and malaria prevalence is striking, the existence of 
a causal link from malaria to underdevelopment is a highly contentious issue (see 
Weil 2010 for a discussion of the literature). Because our methodology looks only at 
recent growth, we cannot address the question of whether malaria has been a source 
of underdevelopment over the centuries. The period for which we have satellite data, 
however, especially the second half of it, corresponds to a renewed effort on the 
part of the international community and affected states to combat the disease. The 
Roll Back Malaria Partnership, bringing together key international agencies, was 
launched in 1998. This was followed by a significant increase in resources devoted to 
the disease. For example, international funding disbursements for malaria increased 
by a factor of 2.8 from 2004 to 2007 (Roll Back Malaria 2008). New technologies, 
such as long-lasting insecticide-treated bed nets and artemisinin-based combination 
therapy, were introduced over this period. Thus, one might like to know how growth 
has differed between regions with high and low malaria prevalence over this time 
period. If growth were higher in areas with historically high malaria prevalence, that 
might be taken as evidence that the antimalaria campaign has borne economic as 
well as humanitarian fruit.

As our measure of malaria prevalence, we use an index developed by Kiszewski et 
al. (2004). This measure assigns to each grid square (one half degree longitude by one 
half degree latitude) a value corresponding to the stability of malaria transmission, 

23 Data on city population and location, modeled as longitude-latitude points, are from the “settlement points” 
product of CIESIN, IFPRI, and CIAT (2004). Because of slight differences in coastlines, the point falls outside but 
within 3 kilometers of a large continuously lit polygon in two countries; we define these polygons as the primates.

24 In the analysis of primate cities, we exclude Somalia and Swaziland, the former because much of the hinter-
land is not functionally linked to the primate city, the latter because its visible lights are dominated by two arms of 
the polygon representing Johannesburg.
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which in turn is based on data about climate and the dominant vector species. For 
our analysis, we generated quartiles from the original distribution for the sample 
region.25 We then compared growth rates in each other quartile to the first (lowest 
index) quartile. Our findings are that the second quartile grew 0.157 log points fewer; 
the third grew 0.333 points fewer; and the fourth grew 0.193 points fewer than the 
first quartile. These relative gaps are experienced more in the 2000–2008 time period, 
after the start of the malarial initiatives, than before 2000. These gaps  translate to 
annual income growth differences relative to the first quartile of between 1⁄3 and  
2⁄3  percent per year. The fact that the least malarial area saw the fastest lights growth 
may indicate that malaria reductions did not lead to more GDP growth, or that there 
was some other difference among regions, unrelated to malaria, that is masking the 
effect of extra income growth induced by malaria reductions.

VI. Conclusion

Satellite night lights data are a useful proxy for economic activity at temporal and 
geographic scales for which traditional data are of poor quality or are unavailable. In 
this paper, we develop a statistical model to combine data on changes in night lights 
with data on measured income growth to improve estimates of true income growth. 
One assumption of the model is that measurement error in growth as depicted in the 
national income accounts is uncorrelated with the measurement error that occurs 
when the change in lights is used to measure growth. While there are many potential 
sources of error in using lights growth to measure income growth, none of them sug-
gests this assumption is inappropriate. But if one wanted to, the framework could be 
adjusted to allow for such correlation.

Our methodology involves estimating both a coefficient that maps lights growth 
into a proxy for GDP growth and also an optimal weight to be applied in combin-
ing this proxy with national accounts data. For countries with high-quality national 
accounts data, the information contained in lights growth is of little value in improv-
ing income growth measures. For countries with low-quality national accounts data, 
however, the optimal composite estimate puts roughly equal weight on lights growth 
and national accounts data. We apply the methodology to low- and middle-income 
countries with very low-quality national accounts data, as rated by the World Bank. 
For these 30 countries, we get a new set of income growth numbers for the years 
1992/3–2005/6. These estimates differ from measured WDI real GDP growth num-
bers by up to 3.2 percent per year. We also estimate that among low- and middle- 
income countries, the elasticity of growth of lights emanating into space with respect 
to income growth is close to one.

For all countries, lights data can play a key role in analyzing growth at sub- and 
supranational levels, where income data at a detailed spatial level are unavailable. 
To illustrate this and build on the theme that research directions in empirical growth 
need no longer be synonymous with national income accounts data, we examine 
three issues in growth analysis applied to sub-Saharan Africa. We look at whether 
over the last 17 years coastal areas have grown faster than noncoastal areas; whether 

25 The malaria index quartile cutoffs were 0.70, 9.27, and 18.62.
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primate cities have grown faster than hinterlands; and whether malarial areas have 
had a better growth experience compared to nonmalarial areas. The answer to all 
these questions is no, which leaves for future research the question of why.

Appendix: Summary Statistics

REFERENCES

Ades, Alberto F., and Edward L. Glaeser. 1995. “Trade and Circuses: Explaining Urban Giants.” Quar-
terly Journal of Economics 110(1): 195–227.

Au, Chun-Chung, and J. Vernon Henderson. 2006. “Are Chinese Cities too Small?” Review of Eco-
nomic Studies 73(3): 549–76.

Browning, Martin, and Thomas Crossley. 2009. “Are Two Cheap, Noisy Measures Better Than One 
Expensive, Accurate One?” American Economic Review 99(2): 99–103.

Burchfield, Marcy, Henry G. Overman, Diego Puga, and Matthew A. Turner. 2006. “Causes of Sprawl: 
A Portrait from Space.” Quarterly Journal of Economics 121(2): 587–633.

Buys, Piet, Uwe Deichmann, and David Wheeler. 2010. “Road Network Upgrading and Overland Trade 
Expansion in Sub-Saharan Africa.” Journal of African Economies 19(3): 399–432.

Center for International Earth Science Information Network (CIESIN), International Food Pol-
icy Research Institute (IFPRI), and Centro Internacional de Agricultura Tropical (CIAT). 2004. 
global Rural-Urban mapping project, Alpha Version: Land Area grids and Settlement points. Pali-
sades, NY: Columbia University Socioeconomic Data and Applications Center.

Center for International Earth Science Information Network (CIESIN), and Centro Internacional 
de Agricultura Tropical (CIAT). 2005. gridded population of the World, Version 3. Palisades, NY: 
Columbia University Socioeconomic Data and Applications Center. http://sedac.ciesin.columbia.
edu/gpw/ (accessed June 20, 2007).

Chen, Xi, and William D. Nordhaus. 2011. “Using Luminosity Data as a Proxy for Economic Statis-
tics.” procedings of the national Academy of Sciences 108(21): 8589–94.

Croft, Thomas A. 1978. “Night-time Images of the Earth from Space.” Scientific American 239: 68–79.
Davis, James C., and J. Vernon Henderson. 2003. “Evidence on the Political Economy of the Urban-

ization Process.” Journal of Urban Economics 53(1): 98–125.
Dawson, John W., Joseph P. DeJuan, John J. Seater, and E. Frank Stephenson. 2001. “Economic Infor-

mation versus Quality Variation in Cross-Country Data.” canadian Journal of Economics 34(4): 
988–1009.

Deaton, Angus, and Alan Heston. 2010. “Understanding PPPs and PPP-Based National Accounts.” 
American Economic Journal: macroeconomics 2(4): 1–35.

Doll, Christopher N. H., Jan-Peter Muller, and Jeremy G. Morley. 2006. “Mapping Regional Eco-
nomic Activity from Night-Time Light Satellite Imagery.” Ecological Economics 57(1): 75–92. 

Variable Mean SD Min Max Count Sample

ln (lights) −0.0652 2.0349 −5.9543 3.8906 3015 full
ln (GDP, LCU) 25.2805 4.0340 0.3811 35.2722 3015 full
ln (electricity use) 23.5009 1.9024 18.5946 29.0303 1853 full
Fraction top-coded 0.0030 0.0126 0.0000 0.2196 3015 full
Fraction unlit 0.7135 0.3245 0.0000 0.9998 3015 full
Spatial gini 0.8264 0.2018 0.1652 0.9999 3015 full
ln (lights) −0.6924 1.8782 −5.9543 3.0684 1953 low-middle income
ln (GDP, LCU) 25.9829 4.0438 0.3811 35.2722 1953 low-middle income
ln (lights) −1.8688 1.9693 −5.5230 3.0684 541 low-middle income, bad data
ln (GDP, LCU) 24.8654 5.9608 0.3811 33.8656 541 low-middle income, bad data
Δ ln (lights) 0.3368 0.4027 −1.0389 1.9358 170 full
Δ ln (GDP, LCU) 0.4600 0.2441 −0.1624 1.2415 170 full
Δ ln (lights) 0.3825 0.4364 −1.0389 1.9358 113 low-middle income
Δ ln (GDP, LCU) 0.4904 0.2605 −0.1624 1.2415 113 low-middle income
Δ ln (lights) 0.4108 0.5486 −0.6510 1.9358 30 low-middle income, bad data
Δ ln (GDP, LCU) 0.4689 0.3021 −0.0928 1.2415 30 low-middle income, bad data

http://sedac.ciesin.columbia.edu/gpw/
http://sedac.ciesin.columbia.edu/gpw/
http://pubs.aeaweb.org/action/showLinks?crossref=10.2307%2F2118515&citationId=p_1
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fjae%2Fejq006&citationId=p_5
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Fmac.2.4.1&citationId=p_12
http://pubs.aeaweb.org/action/showLinks?crossref=10.1038%2Fscientificamerican0778-86&citationId=p_9
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fj.1467-937X.2006.00387.x&citationId=p_2
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2Fj.ecolecon.2005.03.007&citationId=p_13
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.99.2.99&citationId=p_3
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2FS0094-1190%2802%2900504-1&citationId=p_10
http://pubs.aeaweb.org/action/showLinks?crossref=10.1162%2Fqjec.2006.121.2.587&citationId=p_4
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2F0008-4085.00109&citationId=p_11
http://pubs.aeaweb.org/action/showLinks?pmid=21576474&crossref=10.1073%2Fpnas.1017031108&citationId=p_8


1027hEndERSOn Et AL.: mEASURing EcOnOmic gROWth FROm OUtER SpAcEVOL. 102 nO. 2

Duranton, Gilles. 2009. “Are Cities Engines of Growth and Prosperity for Developing Countries?” In 
Urbanization and growth, edited by Michael Spence, Patricia Clarke Annez, and Robert M. Buck-
ley, 67–113. Washington, DC: World Bank.

Ebener, Steve, Christopher Murray, Ajay Tandon, and Christopher D. Elvidge. 2005. “From Wealth 
to Health: Modeling the Distribution of Income per Capita at the Sub-National Level Using Night-
Time Light Imagery.” international Journal of health geographics 4(5): 1–17.

Elvidge, Christopher D., Kimberley E. Baugh, Eric A. Kihn, Herbert W. Kroehl, Ethan R. Davis, and 
C. W. Davis. 1997. “Relation between Satellite Observed Visible-Near Infrared Emissions, Popula-
tion, and Energy Consumption.” international Journal of Remote Sensing 18: 1373–79. 

Elvidge, Christopher D., Jeffrey M. Safran, Ingrid L. Nelson, Benjamin T. Tuttle, Ruth Hobson, Kim-
berley E. Baugh, John B. Dietz, and Edward H. Erwin. 2004. “Area and Position Accuracy of DMSP 
Nighttime Lights Data.” In Remote Sensing and giS Accuracy Assessment, edited by R. S. Lunetta 
and J. G. Lyon, 281–92. London: CRC Press.

Elvidge, Christopher D. et al. 2007. “The Nightsat Mission Concept.” international Journal of Remote 
Sensing 28(12): 2645–70.

Elvidge, Christopher D., Daniel Ziskin, Kimberly E. Baugh, Benjamin T. Tuttle, Tilottama Ghosh, Dee 
W. Pack, Edward H. Erwin, and Mikhail Zhizhin. 2009. “A Fifteen Year Record of Global Natural 
Gas Flaring Derived from Satellite Data.” Energies 2(3): 595–622.

Fujita, Masahisa, Paul Krugman, and Anthony J. Venables. 1999. the Spatial Economy: cities, 
Regions, and international trade. Cambridge, MA: MIT Press.

Gallup, John Luke, Jeffrey D. Sachs, and Andrew D. Mellinger. 1999. “Geography and Economic 
Development.” international Regional Science Review 22(2): 179–232.

Ghosh, Tilottama, Sharolyn Anderson, Rebecca L. Powell, Paul C. Sutton, and Christopher D. Elvidge. 
2009. “Estimation of Mexico’s Informal Economy and Remittances Using Nighttime Imagery.” 
Remote Sensing 1(3): 418–44.

Ghosh, Tilottama, Rebecca L. Powell, Christopher D. Elvidge, Kimberly E. Baugh, Paul C. Sutton, 
and Sharolyn Anderson. 2010. “Shedding Light on the Global Distribution of Economic Activity.” 
the Open geography Journal 3: 148–61.

Good, David F. 1994. “The Economic Lag of Central and Eastern Europe: Income Estimates for the 
Habsburg Successor States, 1870–1910.” Journal of Economic history 54(4): 869–91.

Henderson, Vernon. 2003. “The Urbanization Process and Economic Growth: The So-What Question.” 
Journal of Economic growth 8(1): 47–71.

Henderson, J. Vernon, Adam Storeygard, and David N. Weil. 2012. “Measuring Economic Growth 
from Outer Space: Dataset.” American Economic Review. http://dx.doi=10.1257/aer.102.2.994.

International Monetary Fund. 2006. “Jamaica: Selected Issues.” IMF Country Report 06/157.
Johnson, Simon, William Larson, Chris Papageorgiou, and Arvind Subramanian. 2009. “Is Newer 

Better? Penn World Table Revisions and Their Impact on Growth Estimates.” National Bureau of 
Economic Research Working Paper 15455.

Kiszewski, Anthony, Andrew Mellinger, Andrew Spielman, Pia Malaney, Sonia E. Sachs, and Jeffrey 
D. Sachs. 2004. “A Global Index Representing the Stability of Malaria Transmission.” American 
Journal of tropical medicine and hygiene 70(5): 486–98.

Krueger, Alan B., and Mikael Lindahl. 2001. “Education for Growth: Why and for Whom?” Journal 
of Economic Literature 39(4): 1101–36.

MEASURE DHS. 1985–2010. “STATcompiler.” Macro International, Calverton, MD. http://www.
measuredhs.com (accessed October 10, 2010).

Mellinger, Andrew D., Jeffrey D. Sachs, and John L. Gallup. 2000. “Climate, Coastal Proximity, and 
Development.” In the Oxford handbook of Economic geography, edited by Gordon L. Clark, 
Maryann P. Feldman, and Meric S. Gertler, 169–94. New York: Oxford University Press.

National Geophysical Data Center. 2010. “Version 4 DMSP-OLS Nighttime Lights Time Series.” 
National Oceanic and Atmospheric Administration. http://www.ngdc.noaa.gov/dmsp/downloadV-
4composites.html (accessed January 22, 2010).

Nuxoll, Daniel A. 1994. “Differences in Relative Prices and International Differences in Growth Rates.” 
American Economic Review 84(5): 1423–36.

Ramsey, James B. 1969. “Tests for Specification Errors in Classical Linear Least Squares Regression 
Analysis.” Journal of the Royal Statistical Society, B. 31(2): 350–71. 

Rao, B. L S. Prakasa. 1992. identifiability in Stochastic models. New York: Academic Press.
Roll Back Malaria. 2008. “The Global Malaria Action Plan for a Malaria-Free World.” http://www.

rollbackmalaria.org/gmap/gmap.pdf.
Steckel, Richard H., and Jerome C. Rose, eds. 2002. the Backbone of history: health and nutrition in 

the Western hemisphere. Cambridge: Cambridge University Press.

http://dx.doi=10.1257/aer.102.2.994
http://www.measuredhs.com/
http://www.measuredhs.com/
http://www.ngdc.noaa.gov/dmsp/downloadV4composites.html
http://www.ngdc.noaa.gov/dmsp/downloadV4composites.html
http://www.rollbackmalaria.org/gmap/gmap.pdf
http://www.rollbackmalaria.org/gmap/gmap.pdf
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Fjel.39.4.1101&citationId=p_30
http://pubs.aeaweb.org/action/showLinks?pmid=15649329&citationId=p_15
http://pubs.aeaweb.org/action/showLinks?crossref=10.3390%2Fen20300595&citationId=p_19
http://pubs.aeaweb.org/action/showLinks?crossref=10.1080%2F014311697218485&citationId=p_16
http://pubs.aeaweb.org/action/showLinks?crossref=10.1177%2F016001799761012334&citationId=p_21
http://pubs.aeaweb.org/action/showLinks?crossref=10.1023%2FA%3A1022860800744&citationId=p_25
http://pubs.aeaweb.org/action/showLinks?pmid=15155980&crossref=10.4269%2Fajtmh.2004.70.486&citationId=p_29
http://pubs.aeaweb.org/action/showLinks?crossref=10.1080%2F01431160600981525&citationId=p_18
http://pubs.aeaweb.org/action/showLinks?crossref=10.3390%2Frs1030418&citationId=p_22
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.102.2.994&citationId=p_26


1028 thE AmERicAn EcOnOmic REViEW ApRiL 2012

Sutton, Paul C., and Robert Costanza. 2002. “Global Estimates of Market and Non-market Values 
Derived from Nighttime Satellite Imagery, Land Cover, and Ecosystem Service Valuation.” Ecologi-
cal Economics 41(3): 509–27.

Sutton, Paul C., Christopher D. Elvidge, and Tilottama Ghosh. 2007. “Estimation of Gross Domestic 
Product at Sub-national Scales Using Nighttime Satellite Imagery.” international Journal of Eco-
logical Economics and Statistics 8(S07): 5–21.

Weil, David N. 2010. “Endemic Diseases and African Economic Growth: Challenges and Policy 
Responses.” Journal of African Economies 19(S3): 81–109.

World Bank. 2002. Building Statistical capacity to monitor development progress. Washington, DC: 
World Bank.

Young, Alwyn. 2009. “The African Growth Miracle.” Unpublished.

http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2FS0921-8009%2802%2900097-6&citationId=p_39


This article has been cited by:

1. George Marbuah, Ing-Marie Gren, Brendan G. Mckie, Laëtitia Buisson. 2021. Economic activity and
distribution of an invasive species: Evidence from night-time lights satellite imagery data. Ecological
Economics 185, 107037. [Crossref]

2. Ruth D. Carlitz, Marina Povitkina. 2021. Local interest group activity and environmental degradation
in authoritarian regimes. World Development 142, 105425. [Crossref]

3. Tao Jia, Xi Luo, Xin Li. 2021. Delineating a hierarchical organization of ranked urban clusters using
a spatial interaction network. Computers, Environment and Urban Systems 87, 101617. [Crossref]

4. Tong Fu, Ze Jian. 2021. Corruption pays off: How environmental regulations promote corporate
innovation in a developing country. Ecological Economics 183, 106969. [Crossref]

5. Andrew Boslett, Elaine Hill, Lala Ma, Lujia Zhang. 2021. Rural light pollution from shale gas
development and associated sleep and subjective well-being. Resource and Energy Economics 64, 101220.
[Crossref]

6. Yonatan Dinku, Dereje Regasa. 2021. Ethnic Diversity and Local Economies. South African Journal
of Economics 9. . [Crossref]

7. Hoang-Anh Ho. 2021. Land tenure and economic development: Evidence from Vietnam. World
Development 140, 105275. [Crossref]

8. Robert C.M. Beyer, Sebastian Franco-Bedoya, Virgilio Galdo. 2021. Examining the economic impact
of COVID-19 in India through daily electricity consumption and nighttime light intensity. World
Development 140, 105287. [Crossref]

9. Renata Činčikaitė, Ieva Meidute-Kavaliauskiene. 2021. An Integrated Competitiveness Assessment of
the Baltic Capitals Based on the Principles of Sustainable Development. Sustainability 13:7, 3764.
[Crossref]

10. Sambit Bhattacharyya, Nemera Mamo. 2021. Natural Resources and Conflict in Africa: What Do the
Data Show?. Economic Development and Cultural Change 69:3, 903-950. [Crossref]

11. Jhorland Ayala‐García, Sandy Dall'erba. 2021. The natural resource curse: Evidence from the
Colombian municipalities. Papers in Regional Science 100:2, 581-602. [Crossref]

12. Edward J. Oughton, Jatin Mathur. 2021. Predicting cell phone adoption metrics using machine
learning and satellite imagery. Telematics and Informatics 52, 101622. [Crossref]

13. Souknilanh Keola, Kazunobu Hayakawa. 2021. Do Lockdown Policies Reduce Economic and Social
Activities? Evidence from NO2 Emissions. The Developing Economies 51. . [Crossref]

14. Mulubrhan Amare, Channing Arndt, Kristi Mahrt, George Mavrotas. 2021. Polygynous Family
Structure and Child Undernutrition in Nigeria. The Journal of Development Studies 34, 1-22. [Crossref]

15. David Koch, Miroslav Dispotovic, Simon Thaler, Matthias Zeppelzauer. 2021. Where do university
graduates live? – A computer vision approach using satellite images. Applied Intelligence 50. . [Crossref]

16. Marshall Burke, Anne Driscoll, David B. Lobell, Stefano Ermon. 2021. Using satellite imagery to
understand and promote sustainable development. Science 371:6535, eabe8628. [Crossref]

17. Tianyang Song, Samuel Brazys, Krishna Chaitanya Vadlamannati. 2021. Which Wheel Gets
the Grease? Constituent Agency and Sub-national World Bank Aid Allocation. The Journal of
Development Studies 57:3, 519-533. [Crossref]

18. Axel Dreher, Andreas Fuchs, Roland Hodler, Bradley C. Parks, Paul A. Raschky, Michael J. Tierney.
2021. Is Favoritism a Threat to Chinese Aid Effectiveness? A Subnational Analysis of Chinese
Development Projects. World Development 139, 105291. [Crossref]

https://doi.org/10.1016/j.ecolecon.2021.107037
https://doi.org/10.1016/j.worlddev.2021.105425
https://doi.org/10.1016/j.compenvurbsys.2021.101617
https://doi.org/10.1016/j.ecolecon.2021.106969
https://doi.org/10.1016/j.reseneeco.2021.101220
https://doi.org/10.1111/saje.12286
https://doi.org/10.1016/j.worlddev.2020.105275
https://doi.org/10.1016/j.worlddev.2020.105287
https://doi.org/10.3390/su13073764
https://doi.org/10.1086/704513
https://doi.org/10.1111/pirs.12577
https://doi.org/10.1016/j.tele.2021.101622
https://doi.org/10.1111/deve.12274
https://doi.org/10.1080/00220388.2021.1898591
https://doi.org/10.1007/s10489-021-02268-8
https://doi.org/10.1126/science.abe8628
https://doi.org/10.1080/00220388.2020.1806247
https://doi.org/10.1016/j.worlddev.2020.105291


19. John Gibson, Susan Olivia, Geua Boe-Gibson, Chao Li. 2021. Which night lights data should we use
in economics, and where?. Journal of Development Economics 149, 102602. [Crossref]

20. Achyuta Adhvaryu, James Fenske, Gaurav Khanna, Anant Nyshadham. 2021. Resources, conflict, and
economic development in Africa. Journal of Development Economics 149, 102598. [Crossref]

21. Inbok Rhee. 2021. Economic Perception to Political Performance Evaluation: Establishing Precursors
to Economic Voting in Africa. Political Research Quarterly 74:1, 131-147. [Crossref]

22. Christian Baehr, Ariel BenYishay, Bradley Parks. 2021. Linking Local Infrastructure Development
and Deforestation: Evidence from Satellite and Administrative Data. Journal of the Association of
Environmental and Resource Economists 8:2, 375-409. [Crossref]

23. Fabián Santos, Pablo Pesantes, Santiago Bonilla-Bedoya. 2021. Exploring Wardriving Potential in the
Ecuadorian Amazon for Indirect Data Collection. IOP Conference Series: Earth and Environmental
Science 690:1, 012054. [Crossref]

24. Remi Jedwab, Daniel Pereira, Mark Roberts. 2021. Cities of workers, children or seniors? Stylized
facts and possible implications for growth in a global sample of cities. Regional Science and Urban
Economics 87, 103610. [Crossref]

25. Bruno Barsanetti. 2021. Cities on pre-Columbian paths. Journal of Urban Economics 122, 103317.
[Crossref]

26. Tong Fu, Yuanyuan Li. 2021. Imperial Colonialism and Shadow Banking: Evidence from Northeastern
China, 1898-191. Finance Research Letters 44, 102001. [Crossref]

27. Abhiroop Mukherjee, George Panayotov, Janghoon Shon. 2021. Eye in the sky: private satellites and
government macro data. Journal of Financial Economics 73. . [Crossref]

28. Sami Dakhlia, Boubacar Diallo, Akram Temimi. 2021. Financial inclusion and ethnic development:
Evidence from satellite light density at night. Journal of Behavioral and Experimental Finance 29,
100455. [Crossref]

29. Mulubrhan Amare, Kibrom A. Abay, Channing Arndt, Bekele Shiferaw. 2021. Youth Migration
Decisions in Sub‐Saharan Africa: Satellite‐Based Empirical Evidence from Nigeria. Population and
Development Review 47:1, 151-179. [Crossref]

30. Clive E. Coetzee, Ewert P.J. Kleynhans. 2021. Remote night-time lights sensing: Investigation and
econometric application. Journal of Economic and Financial Sciences 14:1. . [Crossref]

31. Fernando Antonio Ignacio González, Silvia London, Maria Emma Santos. 2021. Disasters and
economic growth: evidence for Argentina. Climate and Development 36, 1-12. [Crossref]

32. Roberto Ezcurra, Alba Del Villar. 2021. Globalization and spatial inequality: Does economic
integration affect regional disparities?. The Annals of Regional Science 93. . [Crossref]

33. Anna Corinna Cagliano, Giulio Mangano, Carlo Rafele. 2021. Determinants of digital technology
adoption in supply chain. An exploratory analysis. Supply Chain Forum: An International Journal 13,
1-15. [Crossref]

34. Menusch Khadjavi, Kacana Sipangule, Rainer Thiele. 2021. Social Capital and Large-Scale
Agricultural Investments: An Experimental Investigation. The Economic Journal 131:633, 420-449.
[Crossref]

35. Piotr Lis, Michael Spagat, Uih Ran Lee. 2021. Civilian targeting in African conflicts: A poor actor’s
game that spreads through space. Journal of Peace Research 3, 002234332096115. [Crossref]

36. Bibek Adhikari, Saroj Dhital. 2021. Decentralization and regional convergence: Evidence from night‐
time lights data. Economic Inquiry 120. . [Crossref]

37. Yohan Iddawela, Neil Lee, Andrés Rodríguez-Pose. 2021. Quality of Sub-national Government and
Regional Development in Africa. The Journal of Development Studies 12, 1-21. [Crossref]

https://doi.org/10.1016/j.jdeveco.2020.102602
https://doi.org/10.1016/j.jdeveco.2020.102598
https://doi.org/10.1177/1065912919888017
https://doi.org/10.1086/712800
https://doi.org/10.1088/1755-1315/690/1/012054
https://doi.org/10.1016/j.regsciurbeco.2020.103610
https://doi.org/10.1016/j.jue.2020.103317
https://doi.org/10.1016/j.frl.2021.102001
https://doi.org/10.1016/j.jfineco.2021.03.002
https://doi.org/10.1016/j.jbef.2020.100455
https://doi.org/10.1111/padr.12383
https://doi.org/10.4102/jef.v14i1.613
https://doi.org/10.1080/17565529.2021.1873724
https://doi.org/10.1007/s00168-021-01050-5
https://doi.org/10.1080/16258312.2021.1875789
https://doi.org/10.1093/ej/ueaa050
https://doi.org/10.1177/0022343320961150
https://doi.org/10.1111/ecin.12967
https://doi.org/10.1080/00220388.2021.1873286


38. Luc Jacolin, Joseph Keneck Massil, Alphonse Noah. 2021. Informal sector and mobile financial
services in emerging and developing countries: Does financial innovation matter?. The World Economy
8. . [Crossref]

39. Anaka Aiyar, Andaleeb Rahman, Prabhu Pingali. 2021. India’s rural transformation and rising obesity
burden. World Development 138, 105258. [Crossref]

40. John G. Fernald, Eric Hsu, Mark M. Spiegel. 2021. Is China fudging its GDP figures? Evidence from
trading partner data. Journal of International Money and Finance 110, 102262. [Crossref]

41. Sarah J. Carrington, Pablo Jiménez‐Ayora. 2021. Shedding light on the convergence debate: Using
luminosity data to investigate economic convergence in Ecuador. Review of Development Economics
25:1, 200-227. [Crossref]

42. Akwasi Ampofo. 2021. Oil at work: natural resource effects on household well-being in Ghana.
Empirical Economics 60:2, 1013-1058. [Crossref]

43. Junxue Jia, Xuan Liang, Guangrong Ma. 2021. Political hierarchy and regional economic development:
Evidence from a spatial discontinuity in China. Journal of Public Economics 194, 104352. [Crossref]

44. Akio Konno, Hironori Kato, Wataru Takeuchi, Riku Kiguchi. 2021. Global Evidence on Productivity
Effects of Road Infrastructure Incorporating Spatial Spillover Effects. Transport Policy 93. . [Crossref]

45. Krittaya Sangkasem, Nattapong Puttanapong. 2021. Analysis of spatial inequality using DMSP‐OLS
nighttime‐light satellite imageries: A case study of Thailand. Regional Science Policy & Practice 8. .
[Crossref]

46. Francisco A. Gallego, Cesar Huaroto, Cristóbal Otero, Alejandro Sáenz. 2021. National institutions
and regional development at borders: evidence from the Americas. Applied Economics 53:2, 205-220.
[Crossref]

47. Katty Gómez, Victor Iturra. 2021. How does air pollution affect housing rental prices in Chile?
An economic assessment of PM 2.5 concentration across Chilean communes. Environment and
Development Economics 6, 1-17. [Crossref]

48. Yi Jiang. 2021. Asian cities: spatial dynamics and driving forces. The Annals of Regional Science 210. .
[Crossref]

49. Anupam Mehrotra. Geospatial Knowledge Management-Fresh Fuel for Banking and Economic
Growth? 53-65. [Crossref]

50. Onur Altındağ, Stephen D. O'Connell, Aytuğ Şaşmaz, Zeynep Balcıoğlu, Paola Cadoni, Matilda
Jerneck, Aimee Kunze Foong. 2021. Targeting humanitarian aid using administrative data: Model
design and validation. Journal of Development Economics 148, 102564. [Crossref]

51. Sandra V. Rozo, Micaela Sviatschi. 2021. Is a refugee crisis a housing crisis? Only if housing supply is
unresponsive. Journal of Development Economics 148, 102563. [Crossref]

52. Qiang Gong, Chong Liu, Min Wu. 2021. Does administrative decentralization enhance economic
growth? Evidence from a quasi-natural experiment in China. Economic Modelling 94, 945-952.
[Crossref]

53. Pablo A. Celhay, Julia Johannsen, Sebastian Martinez, Cecilia Vidal. 2021. Can Small Incentives Have
Large Payoffs? Health Impacts of a Cash Transfer Program in Bolivia. Economic Development and
Cultural Change 69:2, 591-621. [Crossref]

54. Petr Šuleř, Jaromír Vrbka. 2021. GDP Development of China and USA in terms of mutual sanctions
and COVID-19. SHS Web of Conferences 92, 07061. [Crossref]

55. Anupam Anand, Do-Hyung Kim. 2021. Pandemic Induced Changes in Economic Activity around
African Protected Areas Captured through Night-Time Light Data. Remote Sensing 13:2, 314.
[Crossref]

https://doi.org/10.1111/twec.13093
https://doi.org/10.1016/j.worlddev.2020.105258
https://doi.org/10.1016/j.jimonfin.2020.102262
https://doi.org/10.1111/rode.12712
https://doi.org/10.1007/s00181-019-01774-6
https://doi.org/10.1016/j.jpubeco.2020.104352
https://doi.org/10.1016/j.tranpol.2021.02.007
https://doi.org/10.1111/rsp3.12386
https://doi.org/10.1080/00036846.2020.1804048
https://doi.org/10.1017/S1355770X20000522
https://doi.org/10.1007/s00168-020-01031-0
https://doi.org/10.1007/978-981-15-7907-3_4
https://doi.org/10.1016/j.jdeveco.2020.102564
https://doi.org/10.1016/j.jdeveco.2020.102563
https://doi.org/10.1016/j.econmod.2020.02.035
https://doi.org/10.1086/703085
https://doi.org/10.1051/shsconf/20219207061
https://doi.org/10.3390/rs13020314


56. Laura M. Argys, Susan L. Averett, Muzhe Yang. 2021. Light pollution, sleep deprivation, and infant
health at birth. Southern Economic Journal 87:3, 849-888. [Crossref]

57. Sefa Awaworyi Churchill, Musharavati Ephraim Munyanyi, Russell Smyth, Trong-Anh Trinh. 2021.
Early life shocks and entrepreneurship: Evidence from the Vietnam War. Journal of Business Research
124, 506-518. [Crossref]

58. Xu Chen, Shuo Zhang, Sumei Ruan. 2021. Polycentric structure and carbon dioxide emissions:
Empirical analysis from provincial data in China. Journal of Cleaner Production 278, 123411. [Crossref]

59. Cevat Giray Aksoy, Semih Tumen. 2021. Local governance quality and the Environmental Cost of
Forced Migration. Journal of Development Economics 102603. [Crossref]

60. Christian Düben, Melanie Krause. 2021. Population, light, and the size distribution of cities. Journal
of Regional Science 61:1, 189-211. [Crossref]

61. 2021. OUP accepted manuscript. The World Bank Economic Review . [Crossref]
62. Takahiro Yamada, Hiroyuki Yamada. 2021. The long-term causal effect of U.S. bombing missions

on economic development: Evidence from the Ho Chi Minh Trail and Xieng Khouang Province in
Lao P.D.R. Journal of Development Economics 93, 102611. [Crossref]

63. Umair Khalil, Mandar Oak, Sundar Ponnusamy. 2021. Political favoritism by powerful politicians:
Evidence from chief ministers in India. European Journal of Political Economy 66, 101949. [Crossref]

64. Colin Filer, Terence Wood. 2021. Geographical Constituents of Human Well-being in Papua New
Guinea: A District-level Analysis. SSRN Electronic Journal 14. . [Crossref]

65. Cemal Eren Arbatli, David Gomtsyan. 2021. Sectarian Aid, Sanctions and Subnational Development.
SSRN Electronic Journal . [Crossref]

66. Mauro Lanati, Marco Sanfilippo, Filippo Santi. 2021. Aid and Internal Migration in Malawi. SSRN
Electronic Journal 235. . [Crossref]

67. Ksenia Runova, Dmitriy Skougarevskiy, Leonid Zhizhin. 2021. Prisoner social ties, money transfers,
and sender-recipient distance: Evidence from Russia. SSRN Electronic Journal 48. . [Crossref]

68. Ben Charoenwong, Alan Kwan. Alternative Data, Big Data, and Applications to Finance 35-105.
[Crossref]

69. John Gibson. 2020. Better Night Lights Data, For Longer*. Oxford Bulletin of Economics and Statistics
34. . [Crossref]

70. Dimitris K Chronopoulos, Sotiris Kampanelis, Daniel Oto-Peralías, John O S Wilson. 2020. Ancient
colonialism and the economic geography of the Mediterranean. Journal of Economic Geography 51. .
[Crossref]

71. Sergei Guriev, Nikita Melnikov, Ekaterina Zhuravskaya. 2020. 3G Internet and Confidence in
Government*. The Quarterly Journal of Economics 2017. . [Crossref]

72. Christina Greßer, David Stadelmann. 2020. Evaluating Water- and Health-related Development
Projects: A Cross-project and Micro-based Approach. The Journal of Development Studies 19, 1-19.
[Crossref]

73. Christopher Yeh, Anthony Perez, Anne Driscoll, George Azzari, Zhongyi Tang, David Lobell,
Stefano Ermon, Marshall Burke. 2020. Using publicly available satellite imagery and deep learning to
understand economic well-being in Africa. Nature Communications 11:1. . [Crossref]

74. Yvan Lengwiler. 2020. Blacking out. Swiss Journal of Economics and Statistics 156:1. . [Crossref]
75. Jiawen Xu, Jianjun Zhao, Hongyan Zhang, Xiaoyi Guo. 2020. Evolution of the Process of Urban

Spatial and Temporal Patterns and its Influencing Factors in Northeast China. Journal of Urban
Planning and Development 146:4, 05020017. [Crossref]

https://doi.org/10.1002/soej.12477
https://doi.org/10.1016/j.jbusres.2020.11.009
https://doi.org/10.1016/j.jclepro.2020.123411
https://doi.org/10.1016/j.jdeveco.2020.102603
https://doi.org/10.1111/jors.12507
https://doi.org/10.1093/wber/lhab004
https://doi.org/10.1016/j.jdeveco.2020.102611
https://doi.org/10.1016/j.ejpoleco.2020.101949
https://doi.org/10.2139/ssrn.3791993
https://doi.org/10.2139/ssrn.3798717
https://doi.org/10.2139/ssrn.3804731
https://doi.org/10.2139/ssrn.3806597
https://doi.org/10.1007/978-981-33-6137-9_2
https://doi.org/10.1111/obes.12417
https://doi.org/10.1093/jeg/lbaa028
https://doi.org/10.1093/qje/qjaa040
https://doi.org/10.1080/00220388.2020.1849621
https://doi.org/10.1038/s41467-020-16185-w
https://doi.org/10.1186/s41937-020-00052-y
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000606


76. Masoomali Fatehkia, Isabelle Tingzon, Ardie Orden, Stephanie Sy, Vedran Sekara, Manuel Garcia-
Herranz, Ingmar Weber. 2020. Mapping socioeconomic indicators using social media advertising data.
EPJ Data Science 9:1. . [Crossref]

77. Chao Chen, Xinyue He, Zhisong Liu, Weiwei Sun, Heng Dong, Yanli Chu. 2020. Analysis of regional
economic development based on land use and land cover change information derived from Landsat
imagery. Scientific Reports 10:1. . [Crossref]

78. Wei Lang, Jiayi Deng, Xun Li. 2020. Identification of “Growth” and “Shrinkage” Pattern and Planning
Strategies for Shrinking Cities Based on a Spatial Perspective of the Pearl River Delta Region. Journal
of Urban Planning and Development 146:4, 05020020. [Crossref]

79. Agnes Cornell, Carl Henrik Knutsen, Jan Teorell. 2020. Bureaucracy and Growth. Comparative
Political Studies 53:14, 2246-2282. [Crossref]

80. Fabio B. Gaertner, Asad Kausar, Logan B. Steele. 2020. Negative accounting earnings and gross
domestic product. Review of Accounting Studies 25:4, 1382-1409. [Crossref]

81. Nataliya Rybnikova, Boris A. Portnov. 2020. Testing the generality of economic activity models
estimated by merging night-time satellite images with socioeconomic data. Advances in Space Research
66:11, 2610-2620. [Crossref]

82. Francisco C. Ceballos, Scott Hazelhurst, David W. Clark, Godfred Agongo, Gershim Asiki, Palwende
R. Boua, F. Xavier Gómez-Olivé, Felistas Mashinya, Shane Norris, James F. Wilson, Michèle Ramsay.
2020. Autozygosity influences cardiometabolic disease-associated traits in the AWI-Gen sub-Saharan
African study. Nature Communications 11:1. . [Crossref]

83. John Gibson, Susan Olivia, Geua Boe‐Gibson. 2020. NIGHT LIGHTS IN ECONOMICS:
SOURCES AND USES 1. Journal of Economic Surveys 34:5, 955-980. [Crossref]

84. Paul Minard. 2020. Is China’s regional inequality ethnic inequality?. Letters in Spatial and Resource
Sciences 13:3, 297-314. [Crossref]

85. Christian Otchia, Simplice Asongu. 2020. Industrial growth in sub-Saharan Africa: evidence from
machine learning with insights from nightlight satellite images. Journal of Economic Studies ahead-
of-print:ahead-of-print. . [Crossref]

86. Min Liu, Qian Zhang, Song Gao, Jikun Huang. 2020. The spatial aggregation of rural e-commerce
in China: An empirical investigation into Taobao Villages. Journal of Rural Studies 80, 403-417.
[Crossref]

87. Sandra Achten, Christian Lessmann. 2020. Spatial inequality, geography and economic activity. World
Development 136, 105114. [Crossref]

88. Chao Zhong, Ruifa Hu, Mingyue Wang, Wenhao Xue, Linfeng He. 2020. The impact of urbanization
on urban agriculture: Evidence from China. Journal of Cleaner Production 276, 122686. [Crossref]

89. Jesús Crespo Cuaresma, Olha Danylo, Steffen Fritz, Martin Hofer, Homi Kharas, Juan Carlos Laso
Bayas. 2020. What do we know about poverty in North Korea?. Palgrave Communications 6:1. .
[Crossref]

90. Amornrat Luenam, Nattapong Puttanapong. 2020. Modelling and analyzing spatial clusters of
leptospirosis based on satellite-generated measurements of environmental factors in Thailand during
2013-2015. Geospatial Health 15:2. . [Crossref]

91. David Castells-Quintana, Melanie Krause, Thomas K J McDermott. 2020. The urbanising force
of global warming: the role of climate change in the spatial distribution of population. Journal of
Economic Geography 110. . [Crossref]

92. Abhishek Singhal, Sohini Sahu, Siddhartha Chattopadhyay, Abhijit Mukherjee, Soumendra N.
Bhanja. 2020. Using night time lights to find regional inequality in India and its relationship with
economic development. PLOS ONE 15:11, e0241907. [Crossref]

https://doi.org/10.1140/epjds/s13688-020-00235-w
https://doi.org/10.1038/s41598-020-69716-2
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000612
https://doi.org/10.1177/0010414020912262
https://doi.org/10.1007/s11142-020-09536-x
https://doi.org/10.1016/j.asr.2020.09.003
https://doi.org/10.1038/s41467-020-19595-y
https://doi.org/10.1111/joes.12387
https://doi.org/10.1007/s12076-020-00260-3
https://doi.org/10.1108/JES-05-2020-0201
https://doi.org/10.1016/j.jrurstud.2020.10.016
https://doi.org/10.1016/j.worlddev.2020.105114
https://doi.org/10.1016/j.jclepro.2020.122686
https://doi.org/10.1057/s41599-020-0417-4
https://doi.org/10.4081/gh.2020.856
https://doi.org/10.1093/jeg/lbaa030
https://doi.org/10.1371/journal.pone.0241907


93. Dong Zhou, Weiguang Deng, Xiaoyu Wu. 2020. Impacts of Internet Use on Political Trust: New
Evidence from China. Emerging Markets Finance and Trade 56:14, 3235-3251. [Crossref]

94. Zhicheng Xu, Yu Zhang, Yang Sun. 2020. Will Foreign Aid Foster Economic Development? Grid Panel
Data Evidence from China’s Aid to Africa. Emerging Markets Finance and Trade 56:14, 3383-3404.
[Crossref]

95. Nixon Shingai Chekenya, Canicio Dzingirai. 2020. Distributional effects of distinct aid types on local
economic development in Malawi: new evidence. Journal of Economic Studies ahead-of-print:ahead-
of-print. . [Crossref]

96. Till Koebe. 2020. Better coverage, better outcomes? Mapping mobile network data to official statistics
using satellite imagery and radio propagation modelling. PLOS ONE 15:11, e0241981. [Crossref]

97. Emmanuel Skoufias, Eric Strobl, Thomas Breivik Tveit. 2020. Flood and Tsunami Damage Indices
Based on Remotely Sensed Data: An Application to Indonesia. Natural Hazards Review 21:4,
04020042. [Crossref]

98. Marius Brülhart, Klaus Desmet, Gian-Paolo Klinke. 2020. The shrinking advantage of market
potential. Journal of Development Economics 147, 102529. [Crossref]

99. Souleymane Soumahoro. 2020. Ethnic politics and Ebola response in West Africa. World Development
135, 105042. [Crossref]

100. Haozhi Pan, Cong Cong, Xiaoling Zhang, Yina Zhang. 2020. How do high-speed rail projects affect
the agglomeration in cities and regions?. Transportation Research Part D: Transport and Environment
88, 102561. [Crossref]

101. Agustín Indaco. 2020. From twitter to GDP: Estimating economic activity from social media. Regional
Science and Urban Economics 85, 103591. [Crossref]

102. Matthias Flückiger, Markus Ludwig. 2020. Malaria suitability, urbanization and subnational
development in sub-Saharan Africa. Journal of Urban Economics 120, 103279. [Crossref]

103. Gabriel M. Ahlfeldt, Jason Barr. 2020. Viewing urban spatial history from tall buildings. Regional
Science and Urban Economics 103618. [Crossref]

104. Carlos Giovanni González Espitia, Hector Ochoa Diaz, Nathalia Solano Castillo. 2020. Understanding
the Spatial and Temporal Effect of Economic Activity on the Quality of Education: Evidence from
Colombia. Comparative Education Review 64:4, 642-669. [Crossref]

105. Chen Xu, Qiu Bin, Sun Shaoqin. 2020. Polycentric spatial structure and energy efficiency: Evidence
from China's provincial panel data. Energy Policy 10, 112012. [Crossref]

106. Walter Vesperi, Marzia Ventura, Concetta Lucia Cristofaro. 2020. Conflict management as an
organizational capacity: survey of hospital managers in healthcare organizations. Measuring Business
Excellence ahead-of-print:ahead-of-print. . [Crossref]

107. E. Ustaoglu, R. Bovkır, A. C. Aydınoglu. 2020. Spatial distribution of GDP based on integrated NPS-
VIIRS nighttime light and MODIS EVI data: a case study of Turkey. Environment, Development and
Sustainability 29. . [Crossref]

108. Ting Chen, James Kai-sing Kung, Chicheng Ma. 2020. Long Live Keju! The Persistent Effects of
China’s Civil Examination System. The Economic Journal 130:631, 2030-2064. [Crossref]

109. Monika Bauhr, Ruth Carlitz. 2020. When does transparency improve public services? Street‐level
discretion, information, and targeting. Public Administration 26. . [Crossref]

110. Michael Keith, Neave O'Clery, Sue Parnell, Aromar Revi. 2020. The future of the future city? The
new urban sciences and a PEAK Urban interdisciplinary disposition. Cities 105, 102820. [Crossref]

111. Juan Jose Miranda, Oscar A. Ishizawa, Hongrui Zhang. 2020. Understanding the Impact Dynamics
of Windstorms on Short-Term Economic Activity from Night Lights in Central America. Economics
of Disasters and Climate Change 4:3, 657-698. [Crossref]

https://doi.org/10.1080/1540496X.2019.1644161
https://doi.org/10.1080/1540496X.2019.1696187
https://doi.org/10.1108/JES-09-2020-0461
https://doi.org/10.1371/journal.pone.0241981
https://doi.org/10.1061/(ASCE)NH.1527-6996.0000325
https://doi.org/10.1016/j.jdeveco.2020.102529
https://doi.org/10.1016/j.worlddev.2020.105042
https://doi.org/10.1016/j.trd.2020.102561
https://doi.org/10.1016/j.regsciurbeco.2020.103591
https://doi.org/10.1016/j.jue.2020.103279
https://doi.org/10.1016/j.regsciurbeco.2020.103618
https://doi.org/10.1086/710765
https://doi.org/10.1016/j.enpol.2020.112012
https://doi.org/10.1108/MBE-01-2020-0008
https://doi.org/10.1007/s10668-020-01058-5
https://doi.org/10.1093/ej/ueaa043
https://doi.org/10.1111/padm.12693
https://doi.org/10.1016/j.cities.2020.102820
https://doi.org/10.1007/s41885-020-00068-x


112. Michał Myck, Mateusz Najsztub. 2020. Implications of the Polish 1999 administrative reform for
regional socio‐economic development. Economics of Transition and Institutional Change 28:4, 559-579.
[Crossref]

113. Alejandro del Valle, Alain de Janvry, Elisabeth Sadoulet. 2020. Rules for Recovery: Impact of Indexed
Disaster Funds on Shock Coping in Mexico. American Economic Journal: Applied Economics 12:4,
164-195. [Abstract] [View PDF article] [PDF with links]

114. Maxim Pinkovskiy, Xavier Sala-i-Martin. 2020. Shining a Light on Purchasing Power Parities.
American Economic Journal: Macroeconomics 12:4, 71-108. [Abstract] [View PDF article] [PDF with
links]

115. Ran Goldblatt, Kilian Heilmann, Yonatan Vaizman. 2020. Can Medium-Resolution Satellite Imagery
Measure Economic Activity at Small Geographies? Evidence from Landsat in Vietnam. The World
Bank Economic Review 34:3, 635-653. [Crossref]

116. Dayu Liu, Yongda He, Qiaoru Wang. 2020. Urban spatial structure evolution and smog management
in China: A re-examination using nonparametric panel model. Journal of Cleaner Production 124847.
[Crossref]

117. Qiang Liu, Shengxia Xu, Xiaoli Lu. 2020. Imbalance measurement of regional economic quality
development: evidence from China. The Annals of Regional Science 65:2, 527-556. [Crossref]

118. Carlos Mendez, Felipe Santos‐Marquez. 2020. Regional convergence and spatial dependence across
subnational regions of ASEAN: Evidence from satellite nighttime light data. Regional Science Policy
& Practice 21. . [Crossref]

119. Nora Libertun de Duren, Rene Osorio. 2020. The Effect of Public Expenditure on the Housing
Deficit in Peru at the Municipal Level. Housing Policy Debate 30:5, 718-740. [Crossref]

120. Pouya Zangeneh, Hesam Hamledari, Brenda McCabe. 2020. Quantifying Remoteness for Risk and
Resilience Assessment Using Nighttime Satellite Imagery. Journal of Computing in Civil Engineering
34:5, 04020026. [Crossref]

121. Georgios Xezonakis, Felix Hartmann. 2020. Economic downturns and the Greek referendum of 2015:
Evidence using night-time light data. European Union Politics 21:3, 361-382. [Crossref]

122. Coulibaly Thierry Yerema, Mihoko Wakamatsu, Moinul Islam, Hiroki Fukai, Shunsuke Managi,
Bingqi Zhang. 2020. Differences in Water Policy Efficacy across South African Water Management
Areas. Ecological Economics 175, 106707. [Crossref]

123. Anirban Mitra, Shabana Mitra. 2020. Redistribution of Economic Resources due to Conflict: The
Maoist Uprising in Nepal. Journal of Comparative Economics 48:3, 578-604. [Crossref]

124. Carl-Johan Dalgaard, Anne Sofie B. Knudsen, Pablo Selaya. 2020. The bounty of the sea and long-
run development. Journal of Economic Growth 25:3, 259-295. [Crossref]

125. Fei Fan, Dailin Cao, Ning Ma. 2020. Is Improvement of Innovation Efficiency Conducive to Haze
Governance? Empirical Evidence from 283 Chinese Cities. International Journal of Environmental
Research and Public Health 17:17, 6095. [Crossref]

126. Xiaoxia Li, Guilong Cai, Danglun Luo. 2020. GDP distortion and tax avoidance in local SOEs:
Evidence from China. International Review of Economics & Finance 69, 582-598. [Crossref]

127. Indra Degree Karimah, Muhammad Halley Yudhistira. 2020. Does small-scale port investment
affect local economic activity? Evidence from small-port development in Indonesia. Economics of
Transportation 23, 100180. [Crossref]

128. Xia Chen, Qiang Cheng, Ying Hao, Qiang Liu. 2020. GDP growth incentives and earnings
management: evidence from China. Review of Accounting Studies 25:3, 1002-1039. [Crossref]

129. Ying Lin, Xiuyun Yang, Yanan Li, Shunbo Yao. 2020. The effect of forest on PM2.5 concentrations:
A spatial panel approach. Forest Policy and Economics 118, 102261. [Crossref]

https://doi.org/10.1111/ecot.12250
https://doi.org/10.1257/app.20190002
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20190002
http://pubs.aeaweb.org/doi/pdfplus/10.1257/app.20190002
https://doi.org/10.1257/mac.20190037
http://pubs.aeaweb.org/doi/pdf/10.1257/mac.20190037
http://pubs.aeaweb.org/doi/pdfplus/10.1257/mac.20190037
http://pubs.aeaweb.org/doi/pdfplus/10.1257/mac.20190037
https://doi.org/10.1093/wber/lhz001
https://doi.org/10.1016/j.jclepro.2020.124847
https://doi.org/10.1007/s00168-020-00994-4
https://doi.org/10.1111/rsp3.12335
https://doi.org/10.1080/10511482.2020.1739107
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000906
https://doi.org/10.1177/1465116520924477
https://doi.org/10.1016/j.ecolecon.2020.106707
https://doi.org/10.1016/j.jce.2020.01.002
https://doi.org/10.1007/s10887-020-09181-8
https://doi.org/10.3390/ijerph17176095
https://doi.org/10.1016/j.iref.2020.06.042
https://doi.org/10.1016/j.ecotra.2020.100180
https://doi.org/10.1007/s11142-020-09547-8
https://doi.org/10.1016/j.forpol.2020.102261


130. Areendam Chanda, Sujana Kabiraj. 2020. Shedding light on regional growth and convergence in India.
World Development 133, 104961. [Crossref]

131. Yang Liu. 2020. Does urban spatial structure affect labour income? – research based on 97 cities in
China. Economic Research-Ekonomska Istraživanja 89, 1-25. [Crossref]

132. Qian Chen, Tingting Ye, Naizhuo Zhao, Mingjun Ding, Zutao Ouyang, Peng Jia, Wenze Yue, Xuchao
Yang. 2020. Mapping China’s regional economic activity by integrating points-of-interest and remote
sensing data with random forest. Environment and Planning B: Urban Analytics and City Science 3,
239980832095158. [Crossref]

133. Ngoc Thien Anh Pham, Nicholas Sim. 2020. Do Exports Affect Urbanisation in Sub-Saharan Africa?
Evidence From the Baltic Dry Index and Panel Regressions With Cross-Sectional Dependence. Journal
of African Economies 110. . [Crossref]

134. Mariaflavia Harari. 2020. Cities in Bad Shape: Urban Geometry in India. American Economic Review
110:8, 2377-2421. [Abstract] [View PDF article] [PDF with links]

135. Evelina Bonnier, Jonas Poulsen, Thorsten Rogall, Miri Stryjan. 2020. Preparing for genocide: Quasi-
experimental evidence from Rwanda. Journal of Development Economics 102533. [Crossref]

136. Shuhei Kitamura, Nils-Petter Lagerlöf. 2020. Geography and State Fragmentation. Journal of the
European Economic Association 18:4, 1726-1769. [Crossref]

137. Carlo Fezzi, Valeria Fanghella. 2020. Real-Time Estimation of the Short-Run Impact of COVID-19
on Economic Activity Using Electricity Market Data. Environmental and Resource Economics 76:4,
885-900. [Crossref]

138. Mark Gradstein, Marc Klemp. 2020. Natural resource access and local economic growth. European
Economic Review 127, 103441. [Crossref]

139. Christiana Anaxagorou, Georgios Efthyvoulou, Vassilis Sarantides. 2020. Electoral motives and the
subnational allocation of foreign aid in sub-Saharan Africa. European Economic Review 127, 103430.
[Crossref]

140. Hunter Clark, Maxim Pinkovskiy, Xavier Sala-i-Martin. 2020. China's GDP growth may be
understated. China Economic Review 62, 101243. [Crossref]

141. Jaqueson K. Galimberti. 2020. Forecasting GDP Growth from Outer Space. Oxford Bulletin of
Economics and Statistics 82:4, 697-722. [Crossref]

142. Karan Singh Bagavathinathan, Ritam Chaurey. 2020. Workfare programs and children’s meals intake:
Evidence from India. Food Policy 95, 101942. [Crossref]

143. Tilottama Ghosh, Luca Coscieme, Sharolyn J. Anderson, Paul C. Sutton. 2020. Building Volume
Per Capita (BVPC): A Spatially Explicit Measure of Inequality Relevant to the SDGs. Frontiers in
Sustainable Cities 2. . [Crossref]

144. Ying Tu, Hanlin Zhou, Wei Lang, Tingting Chen, Xun Li, Bing Xu. 2020. A novel cross-sensor
calibration method to generate a consistent night-time lights time series dataset. International Journal
of Remote Sensing 41:14, 5482-5502. [Crossref]

145. Seth Goodman, Ariel BenYishay, Daniel Runfola. 2020. A convolutional neural network approach to
predict non‐permissive environments from moderate‐resolution imagery. Transactions in GIS 28. .
[Crossref]

146. Joshua C. Hall, Josh Matti, Yang Zhou. 2020. The economic impact of city–county consolidations:
a synthetic control approach. Public Choice 184:1-2, 43-77. [Crossref]

147. Danglun Luo, Congcong Liu, Lifan Wu. 2020. Horizontal Networks and Economic Performance:
Evidence from City Leaders in China. Social Science Quarterly 101:4, 1359-1373. [Crossref]

148. Lu Liu, Lina Meng. 2020. Patterns of Urban Sprawl from a Global Perspective. Journal of Urban
Planning and Development 146:2, 04020004. [Crossref]

https://doi.org/10.1016/j.worlddev.2020.104961
https://doi.org/10.1080/1331677X.2020.1798265
https://doi.org/10.1177/2399808320951580
https://doi.org/10.1093/jafeco/ejaa005
https://doi.org/10.1257/aer.20171673
http://pubs.aeaweb.org/doi/pdf/10.1257/aer.20171673
http://pubs.aeaweb.org/doi/pdfplus/10.1257/aer.20171673
https://doi.org/10.1016/j.jdeveco.2020.102533
https://doi.org/10.1093/jeea/jvz032
https://doi.org/10.1007/s10640-020-00467-4
https://doi.org/10.1016/j.euroecorev.2020.103441
https://doi.org/10.1016/j.euroecorev.2020.103430
https://doi.org/10.1016/j.chieco.2018.10.010
https://doi.org/10.1111/obes.12361
https://doi.org/10.1016/j.foodpol.2020.101942
https://doi.org/10.3389/frsc.2020.00037
https://doi.org/10.1080/01431161.2020.1731935
https://doi.org/10.1111/tgis.12661
https://doi.org/10.1007/s11127-019-00699-z
https://doi.org/10.1111/ssqu.12816
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000558


149. Aziz N. Berdiev, Rajeev K. Goel, James W. Saunoris. 2020. The path from ethnic inequality
to development: The intermediary role of institutional quality. World Development 130, 104925.
[Crossref]

150. Hannah Ameye, Joachim De Weerdt. 2020. Child health across the rural–urban spectrum. World
Development 130, 104950. [Crossref]

151. Bingqi Zhang, Wataru Nozawa, Shunsuke Managi. 2020. Sustainability measurements in China
and Japan: an application of the inclusive wealth concept from a geographical perspective. Regional
Environmental Change 20:2. . [Crossref]

152. Guojun He, Yang Xie, Bing Zhang. 2020. Expressways, GDP, and the environment: The case of
China. Journal of Development Economics 145, 102485. [Crossref]

153. Kasey Buckles, Daniel Hungerman, Steven Lugauer. 2020. Is Fertility a Leading Economic Indicator?.
The Economic Journal 19. . [Crossref]

154. Menggen Chen, Shuai Zhang. 2020. Measuring the regional non-observed economy in China
with nighttime lights. International Journal of Emerging Markets ahead-of-print:ahead-of-print. .
[Crossref]

155. Safia Abukar Farole. 2020. Eroding Support from Below: Performance in Local Government and
Opposition Party Growth in South Africa. Government and Opposition 53, 1-20. [Crossref]

156. A. E. Kosarev. 2020. Measuring and Analyzing Income and Wealth in CIS Countries and Eastern
Europe. Voprosy statistiki 27:2, 96-107. [Crossref]

157. Jason Russ. 2020. Water runoff and economic activity: The impact of water supply shocks on growth.
Journal of Environmental Economics and Management 101, 102322. [Crossref]

158. Hector G. Lopez-Ruiz, Jorge Blazquez, Michele Vittorio. 2020. Assessing residential solar rooftop
potential in Saudi Arabia using nighttime satellite images: A study for the city of Riyadh. Energy
Policy 140, 111399. [Crossref]

159. Chunyang Wang, Weidong Meng, Xinshuo Hou. 2020. The impact of high-speed rails on urban
economy: An investigation using night lighting data of Chinese cities. Research in Transportation
Economics 80, 100819. [Crossref]

160. Thushyanthan Baskaran. 2020. Fiscal interactions in the short and the long run: evidence from
German reunification. Journal of Economic Geography 20:3, 711-732. [Crossref]

161. Mahdi Salehi, Ali Daemi Gah, Farzana Akbari, Nader Naghshbandi. 2020. Does accounting details
play an allocative role in predicting macroeconomic indicators? Evidence of Bayesian and classical
econometrics in Iran. International Journal of Organizational Analysis ahead-of-print:ahead-of-print. .
[Crossref]

162. Georges Bresson. Comments on “An Econometrician’s Perspective on Big Data” by Cheng Hsiao
431-443. [Crossref]

163. Tae-Hwan Kim, Christophe Muller. 2020. Inconsistency transmission and variance reduction in two-
stage quantile regression. Communications in Statistics - Simulation and Computation 49:4, 1044-1077.
[Crossref]

164. Ngoc Thien Anh Pham, Nicholas Sim. 2020. Shipping cost and development of the landlocked
developing countries: Panel evidence from the common correlated effects approach. The World
Economy 43:4, 892-920. [Crossref]

165. Aziz N. Berdiev, Rajeev K. Goel, James W. Saunoris. 2020. Dimensions of Ethnic Diversity and
Underground Economic Activity: Cross-country Evidence. Public Finance Review 48:2, 178-211.
[Crossref]

166. Stelios Michalopoulos, Elias Papaioannou. 2020. Historical Legacies and African Development.
Journal of Economic Literature 58:1, 53-128. [Abstract] [View PDF article] [PDF with links]

https://doi.org/10.1016/j.worlddev.2020.104925
https://doi.org/10.1016/j.worlddev.2020.104950
https://doi.org/10.1007/s10113-020-01658-x
https://doi.org/10.1016/j.jdeveco.2020.102485
https://doi.org/10.1093/ej/ueaa068
https://doi.org/10.1108/IJOEM-12-2019-1048
https://doi.org/10.1017/gov.2020.7
https://doi.org/10.34023/2313-6383-2020-27-2-96-107
https://doi.org/10.1016/j.jeem.2020.102322
https://doi.org/10.1016/j.enpol.2020.111399
https://doi.org/10.1016/j.retrec.2020.100819
https://doi.org/10.1093/jeg/lby068
https://doi.org/10.1108/IJOA-10-2019-1902
https://doi.org/10.1108/S0731-905320200000041016
https://doi.org/10.1080/03610918.2018.1493505
https://doi.org/10.1111/twec.12871
https://doi.org/10.1177/1091142120901501
https://doi.org/10.1257/jel.20181447
http://pubs.aeaweb.org/doi/pdf/10.1257/jel.20181447
http://pubs.aeaweb.org/doi/pdfplus/10.1257/jel.20181447


167. Paul Johnson, Chris Papageorgiou. 2020. What Remains of Cross-Country Convergence?. Journal of
Economic Literature 58:1, 129-175. [Abstract] [View PDF article] [PDF with links]

168. Jiping Cao, Yumin Chen, John P. Wilson, Huangyuan Tan, Jiaxin Yang, Zhiqiang Xu. 2020. Modeling
China’s Prefecture-Level Economy Using VIIRS Imagery and Spatial Methods. Remote Sensing 12:5,
839. [Crossref]

169. John A Doces. 2020. Democracy, consumption, and growth in sub-Saharan Africa. International Area
Studies Review 23:1, 28-48. [Crossref]

170. Wenbin Pan, Hongming Fu, Peng Zheng. 2020. Regional Poverty and Inequality in the Xiamen-
Zhangzhou-Quanzhou City Cluster in China Based on NPP/VIIRS Night-Time Light Imagery.
Sustainability 12:6, 2547. [Crossref]

171. Andrzej Kacprzyk, Zbigniew Kuchta. 2020. Shining a new light on the environmental Kuznets curve
for CO2 emissions. Energy Economics 87, 104704. [Crossref]

172. Rakesh Banerjee, Riddhi Maharaj. 2020. Heat, infant mortality, and adaptation: Evidence from India.
Journal of Development Economics 143, 102378. [Crossref]

173. Felix Haass, Martin Ottmann. 2020. Rebels, Revenue and Redistribution: The Political Geography
of Post-Conflict Power-Sharing in Africa. British Journal of Political Science 81, 1-21. [Crossref]

174. Stijn van Weezel. 2020. Local warming and violent armed conflict in Africa. World Development 126,
104708. [Crossref]

175. Boris Gershman. 2020. Witchcraft beliefs as a cultural legacy of the Atlantic slave trade: Evidence
from two continents. European Economic Review 122, 103362. [Crossref]

176. Noam Levin, Christopher C.M. Kyba, Qingling Zhang, Alejandro Sánchez de Miguel, Miguel O.
Román, Xi Li, Boris A. Portnov, Andrew L. Molthan, Andreas Jechow, Steven D. Miller, Zhuosen
Wang, Ranjay M. Shrestha, Christopher D. Elvidge. 2020. Remote sensing of night lights: A review
and an outlook for the future. Remote Sensing of Environment 237, 111443. [Crossref]

177. Ping Gao, Shenghe Liu, Wei Qi, Honggang Qi. 2020. The Nexus between Poverty and the
Environment: A Case Study of Lijiang, China. Sustainability 12:3, 1066. [Crossref]

178. Zhenshan Yang, Yinghao Pan. 2020. Are cities losing their vitality? Exploring human capital in
Chinese cities. Habitat International 96, 102104. [Crossref]

179. Yangang Fang, Kai Xu, Xiaoyi Guo, Ying Hong. 2020. Identifying determinants of straw open field
burning in northeast China: Toward greening agriculture base in newly industrializing countries.
Journal of Rural Studies 74, 111-123. [Crossref]

180. Gabriel Chodorow-Reich, Gita Gopinath, Prachi Mishra, Abhinav Narayanan. 2020. Cash and the
Economy: Evidence from India’s Demonetization*. The Quarterly Journal of Economics 135:1, 57-103.
[Crossref]

181. Yuan Wang, Wei Tang. 2020. Universities and the Formation of Edge Cities: Evidence from China's
Government‐led University Town Construction. Papers in Regional Science 99:1, 245-265. [Crossref]

182. Taotao Deng, Chen Gan, Anthony Perl, Dandan Wang. 2020. What caused differential impacts on
high-speed railway station area development? Evidence from global nighttime light data. Cities 97,
102568. [Crossref]

183. Jie Zhang. 2020. More political representation, more economic development? Evidence from Turkey.
Public Choice 95. . [Crossref]

184. Maria Simona Andreano, Roberto Benedetti, Federica Piersimoni, Giovanni Savio. 2020. Mapping
Poverty of Latin American and Caribbean Countries from Heaven Through Night-Light Satellite
Images. Social Indicators Research 3. . [Crossref]

185. Xi Chen. 2020. Nighttime Lights and Population Migration: Revisiting Classic Demographic
Perspectives with an Analysis of Recent European Data. Remote Sensing 12:1, 169. [Crossref]

https://doi.org/10.1257/jel.20181207
http://pubs.aeaweb.org/doi/pdf/10.1257/jel.20181207
http://pubs.aeaweb.org/doi/pdfplus/10.1257/jel.20181207
https://doi.org/10.3390/rs12050839
https://doi.org/10.1177/2233865919871702
https://doi.org/10.3390/su12062547
https://doi.org/10.1016/j.eneco.2020.104704
https://doi.org/10.1016/j.jdeveco.2019.102378
https://doi.org/10.1017/S0007123419000474
https://doi.org/10.1016/j.worlddev.2019.104708
https://doi.org/10.1016/j.euroecorev.2019.103362
https://doi.org/10.1016/j.rse.2019.111443
https://doi.org/10.3390/su12031066
https://doi.org/10.1016/j.habitatint.2019.102104
https://doi.org/10.1016/j.jrurstud.2019.12.013
https://doi.org/10.1093/qje/qjz027
https://doi.org/10.1111/pirs.12480
https://doi.org/10.1016/j.cities.2019.102568
https://doi.org/10.1007/s11127-019-00773-6
https://doi.org/10.1007/s11205-020-02267-1
https://doi.org/10.3390/rs12010169


186. Marco Manacorda, Andrea Tesei. 2020. Liberation Technology: Mobile Phones and Political
Mobilization in Africa. Econometrica 88:2, 533-567. [Crossref]

187. Partha Sarathi Das, Harsh Chhabra, Sanjay Kumar Dubey. Socio Economic Analysis of India with
High Resolution Satellite Imagery to Predict Poverty 310-314. [Crossref]

188. Xueliang Zhang, Yuqi Hu, Yongran Lin. 2020. The influence of highway on local economy: Evidence
from China's Yangtze River Delta region. Journal of Transport Geography 82, 102600. [Crossref]

189. Yutian Liang, Keyang Zhou, Xun Li, Zhengke Zhou, Wei Sun, Jiaqi Zeng. 2020. Effectiveness of high-
speed railway on regional economic growth for less developed areas. Journal of Transport Geography
82, 102621. [Crossref]

190. Lin Zhang, Xi Li, Fengrui Chen. 2020. Spatiotemporal Analysis of Venezuela's Nighttime Light
During the Socioeconomic Crisis. IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing 13, 2396-2408. [Crossref]

191. Huimin Xu, Xi Li. Evaluating Spatial Details of Luojia-1 Night-Time Images Using Road Network
Analysis 122-131. [Crossref]

192. Asis Kumar Banerjee. Setting the Stage: Types of Measures and Alternative Notions of Development
1-49. [Crossref]

193. Gero Carletto, Raka Banerjee. Strengthening Disaster Resilience: A Microdata Perspective 87-96.
[Crossref]

194. Gaurav Khanna, Priya Mukherjee. 2020. Political Punishment and Financial Safety Nets: Evidence
from India's Demonetization. SSRN Electronic Journal . [Crossref]

195. James Paul Habyarimana, Ken Ochieng' Opalo, Youdi Schipper. 2020. The Cyclical Electoral Effects
of Programmatic Policies: Evidence From Education Reforms in Tanzania. SSRN Electronic Journal
. [Crossref]

196. Samuel Eberenz, Dario Stocker, Thomas Röösli, David N. Bresch. 2020. Asset exposure data for
global physical risk assessment. Earth System Science Data 12:2, 817-833. [Crossref]

197. Ruiqiao Bai, Jacqueline C. K. Lam, Victor O. K. Li. 2020. Siamese-Like Convolutional
Neural Network for Fine-Grained Income Estimation of Developed Economies. IEEE Access 8,
162533-162547. [Crossref]

198. Meha Jain. 2020. The Benefits and Pitfalls of Using Satellite Data for Causal Inference. Review of
Environmental Economics and Policy 14:1, 157-169. [Crossref]

199. Rita De Siano, Valerio Leone Sciabolazza, Alessandro Sapio. A Tutorial on Modelling Geographic,
Economic and Social Interactions Using GIS Methods with R 45-72. [Crossref]

200. David Castells-Quintana, Elisa Dienesch, Melanie Krause. 2020. Density, Cities and Air Pollution: A
Global View. SSRN Electronic Journal . [Crossref]

201. Hans Bonde Christensen, Mark G. Maffett, Thomas Rauter. 2020. Reversing the Resource Curse:
Foreign Corruption Regulation and Economic Development. SSRN Electronic Journal . [Crossref]

202. Mark Dincecco, James Fenske, Anil Menon, Shivaji Mukherjee. 2020. Pre-Colonial Warfare and
Long-Run Development in India. SSRN Electronic Journal . [Crossref]

203. Hans Christensen, Mark G. Maffett, Thomas Rauter. 2020. Reversing the Resource Curse: Foreign
Corruption Regulation and Economic Development. SSRN Electronic Journal . [Crossref]

204. Olympia Bover, Natalia Fabra, Sandra García-Uribe, Aitor Lacuesta, Roberto Ramos. 2020. Firms
and Households During the Pandemic: What Do We Learn from their Electricity Consumption?.
SSRN Electronic Journal . [Crossref]

https://doi.org/10.3982/ECTA14392
https://doi.org/10.1109/Confluence47617.2020.9057972
https://doi.org/10.1016/j.jtrangeo.2019.102600
https://doi.org/10.1016/j.jtrangeo.2019.102621
https://doi.org/10.1109/JSTARS.2020.2995695
https://doi.org/10.1007/978-981-15-6106-1_9
https://doi.org/10.1007/978-981-15-6161-0_1
https://doi.org/10.1007/978-3-030-46143-0_6
https://doi.org/10.2139/ssrn.3514947
https://doi.org/10.2139/ssrn.3636942
https://doi.org/10.5194/essd-12-817-2020
https://doi.org/10.1109/ACCESS.2020.3019239
https://doi.org/10.1093/reep/rez023
https://doi.org/10.1007/978-3-030-54588-8_4
https://doi.org/10.2139/ssrn.3713325
https://doi.org/10.2139/ssrn.3712693
https://doi.org/10.2139/ssrn.3616441
https://doi.org/10.2139/ssrn.3714027
https://doi.org/10.2139/ssrn.3756781


205. Jacqueline C. K. Lam, Yang Han, Ruiqiao Bai, Victor O. K. Li, Jeff Leong, Kamal J. Maji. 2020.
Household wealth proxies for socio-economic inequality policy studies in China. Data & Policy 2. .
[Crossref]

206. Handong Liang, Zhongyang Guo, Jianping Wu, Zuoqi Chen. 2020. GDP spatialization in Ningbo
City based on NPP/VIIRS night-time light and auxiliary data using random forest regression. Advances
in Space Research 65:1, 481-493. [Crossref]

207. Nicolas Ajzenman, Cevat Giray Aksoy, Sergei Guriev. 2020. Exposure to Transit Migration, Public
Attitudes and Entrepreneurship. SSRN Electronic Journal . [Crossref]

208. Nicolás de Roux, Luis Martinez. 2020. Conflict Reduces Investment: Evidence from the Demand for
Agricultural Credit in Colombia. SSRN Electronic Journal 93. . [Crossref]

209. Juan Felipe Riaño, Felipe Valencia Caicedo. 2020. Collateral Damage: The Legacy of the Secret War
in Laos. SSRN Electronic Journal 93. . [Crossref]

210. M. S. Andreano, R. Benedetti, F. Piersimoni, G. Savio. 2019. Mapping GDP and PPPs at Sub-
National Level Through Earth Observation in Eastern Europe and CIS Countries. Voprosy statistiki
26:11, 70-84. [Crossref]

211. Fabien Candau, Tchapo Gbandi. 2019. Trade and institutions: explaining urban giants. Journal of
Institutional Economics 15:6, 1017-1035. [Crossref]

212. Dieter von Fintel, Johan Fourie. 2019. The great divergence in South Africa: Population and wealth
dynamics over two centuries. Journal of Comparative Economics 47:4, 759-773. [Crossref]

213. Jan Bietenbeck, Sanna Ericsson, Fredrick M. Wamalwa. 2019. Preschool attendance, schooling, and
cognitive skills in East Africa. Economics of Education Review 73, 101909. [Crossref]

214. Esra Suel, John W. Polak, James E. Bennett, Majid Ezzati. 2019. Measuring social, environmental
and health inequalities using deep learning and street imagery. Scientific Reports 9:1. . [Crossref]

215. Julio A. Berdegué, Tatiana Hiller, Juan Mauricio Ramírez, Santiago Satizábal, Isidro Soloaga, Juan
Soto, Miguel Uribe, Olga Vargas. 2019. Delineating functional territories from outer space. Latin
American Economic Review 28:1. . [Crossref]

216. Stephen D. Morris, Junjie Zhang. 2019. VALIDATING CHINA'S OUTPUT DATA USING
SATELLITE OBSERVATIONS. Macroeconomic Dynamics 23:8, 3327-3354. [Crossref]

217. Ola Hall, Maria Francisca Archila Bustos, Niklas Boke Olén, Thomas Niedomysl. 2019. Population
centroids of the world administrative units from nighttime lights 1992-2013. Scientific Data 6:1. .
[Crossref]

218. Tracy A. Kugler, Kathryn Grace, David J. Wrathall, Alex de Sherbinin, David Van Riper, Christoph
Aubrecht, Douglas Comer, Susana B. Adamo, Guido Cervone, Ryan Engstrom, Carolynne Hultquist,
Andrea E. Gaughan, Catherine Linard, Emilio Moran, Forrest Stevens, Andrew J. Tatem, Beth
Tellman, Jamon Van Den Hoek. 2019. People and Pixels 20 years later: the current data landscape
and research trends blending population and environmental data. Population and Environment 41:2,
209-234. [Crossref]

219. Hossein Hassani, Mohammad Reza Yeganegi, Christina Beneki, Stephan Unger, Mohammad
Moradghaffari. 2019. Big Data and Energy Poverty Alleviation. Big Data and Cognitive Computing
3:4, 50. [Crossref]

220. Magnus Andersson, Souknilanh Keola, Mladen Stamenković. Impact and Recovery – An Analysis of
the Disintegration of Yugoslavia 71-85. [Crossref]

221. Samuel Bazzi, Arya Gaduh, Alexander D. Rothenberg, Maisy Wong. 2019. Unity in Diversity? How
Intergroup Contact Can Foster Nation Building. American Economic Review 109:11, 3978-4025.
[Abstract] [View PDF article] [PDF with links]

https://doi.org/10.1017/dap.2020.4
https://doi.org/10.1016/j.asr.2019.09.035
https://doi.org/10.2139/ssrn.3570378
https://doi.org/10.2139/ssrn.3725231
https://doi.org/10.2139/ssrn.3678347
https://doi.org/10.34023/2313-6383-2019-26-11-70-84
https://doi.org/10.1017/S1744137419000328
https://doi.org/10.1016/j.jce.2019.08.005
https://doi.org/10.1016/j.econedurev.2019.101909
https://doi.org/10.1038/s41598-019-42036-w
https://doi.org/10.1186/s40503-019-0066-4
https://doi.org/10.1017/S1365100518000056
https://doi.org/10.1038/s41597-019-0250-z
https://doi.org/10.1007/s11111-019-00326-5
https://doi.org/10.3390/bdcc3040050
https://doi.org/10.1108/978-1-78973-941-120191005
https://doi.org/10.1257/aer.20180174
http://pubs.aeaweb.org/doi/pdf/10.1257/aer.20180174
http://pubs.aeaweb.org/doi/pdfplus/10.1257/aer.20180174


222. Martin Philipp Heger, Eric Neumayer. 2019. The impact of the Indian Ocean tsunami on Aceh’s
long-term economic growth. Journal of Development Economics 141, 102365. [Crossref]

223. Nishith Prakash, Marc Rockmore, Yogesh Uppal. 2019. Do criminally accused politicians affect
economic outcomes? Evidence from India. Journal of Development Economics 141, 102370. [Crossref]

224. Magnus Andersson, Ola Hall, Maria Francisca Archila. 2019. How Data-Poor Countries Remain Data
Poor: Underestimation of Human Settlements in Burkina Faso as Observed from Nighttime Light
Data. ISPRS International Journal of Geo-Information 8:11, 498. [Crossref]

225. Pulkit Sharma, Achut Manandhar, Patrick Thomson, Jacob Katuva, Robert Hope, David A. Clifton.
2019. Combining Multi-Modal Statistics for Welfare Prediction Using Deep Learning. Sustainability
11:22, 6312. [Crossref]

226. Xiuyan Liu, Jiangnan Zeng, Qiyao Zhou. 2019. The chosen fortunate in the urbanization process in
China? Evidence from a geographic regression discontinuity study. Review of Development Economics
23:4, 1768-1787. [Crossref]

227. Robert J.R. Elliott, Yi Liu, Eric Strobl, Meng Tong. 2019. Estimating the direct and indirect impact
of typhoons on plant performance: Evidence from Chinese manufacturers. Journal of Environmental
Economics and Management 98, 102252. [Crossref]

228. Qing Ying, Matthew C Hansen, Laixiang Sun, Lei Wang, Marc Steininger. 2019. Satellite-detected
gain in built-up area as a leading economic indicator. Environmental Research Letters 14:11, 114015.
[Crossref]

229. Martin Rama. 2019. Challenges in Measuring Poverty and Understanding its Dynamics: A South
Asian Perspective. Review of Income and Wealth 65:S1. . [Crossref]

230. Anupam Mehrotra. Geospatial Technology: The Rising Sun on Banking and Economic Horizon
60-64. [Crossref]

231. Debasish Roy. 2019. The hoax of demonetization in Indian economy: a mathematical analysis. Journal
of Money Laundering Control 22:4, 678-693. [Crossref]

232. Benjamin Marx, Thomas M. Stoker, Tavneet Suri. 2019. There Is No Free House: Ethnic Patronage
in a Kenyan Slum. American Economic Journal: Applied Economics 11:4, 36-70. [Abstract] [View PDF
article] [PDF with links]

233. Marius Fabian, Christian Lessmann, Tim Sofke. 2019. Natural disasters and regional development –
the case of earthquakes. Environment and Development Economics 24:5, 479-505. [Crossref]

234. Sotiris Kampanelis. 2019. It’s time for Westernization: the advantages of the early start for long-term
economic development at the local level. Oxford Economic Papers 71:4, 996-1025. [Crossref]

235. Ilari Määttä, Christian Lessmann. 2019. Human Lights. Remote Sensing 11:19, 2194. [Crossref]
236. Leonardo Bonilla-Mejía, Iván Higuera-Mendieta. 2019. Protected Areas under Weak Institutions:

Evidence from Colombia. World Development 122, 585-596. [Crossref]
237. Samira Choudhury, Derek D. Headey, William A. Masters. 2019. First foods: Diet quality among

infants aged 6–23 months in 42 countries. Food Policy 88, 101762. [Crossref]
238. Víctor M. Guerrero, Juan A. Mendoza. 2019. On measuring economic growth from outer space: a

single country approach. Empirical Economics 57:3, 971-990. [Crossref]
239. Christian Lessmann, Arne Steinkraus. 2019. The geography of natural resources, ethnic inequality

and civil conflicts. European Journal of Political Economy 59, 33-51. [Crossref]
240. Axel Dreher, Andreas Fuchs, Roland Hodler, Bradley C. Parks, Paul A. Raschky, Michael J. Tierney.

2019. African leaders and the geography of China's foreign assistance. Journal of Development
Economics 140, 44-71. [Crossref]

https://doi.org/10.1016/j.jdeveco.2019.06.008
https://doi.org/10.1016/j.jdeveco.2019.102370
https://doi.org/10.3390/ijgi8110498
https://doi.org/10.3390/su11226312
https://doi.org/10.1111/rode.12602
https://doi.org/10.1016/j.jeem.2019.102252
https://doi.org/10.1088/1748-9326/ab443e
https://doi.org/10.1111/roiw.12438
https://doi.org/10.1109/ITT48889.2019.9075128
https://doi.org/10.1108/JMLC-11-2018-0068
https://doi.org/10.1257/app.20160484
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20160484
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20160484
http://pubs.aeaweb.org/doi/pdfplus/10.1257/app.20160484
https://doi.org/10.1017/S1355770X19000159
https://doi.org/10.1093/oep/gpy064
https://doi.org/10.3390/rs11192194
https://doi.org/10.1016/j.worlddev.2019.06.019
https://doi.org/10.1016/j.foodpol.2019.101762
https://doi.org/10.1007/s00181-018-1464-1
https://doi.org/10.1016/j.ejpoleco.2019.01.005
https://doi.org/10.1016/j.jdeveco.2019.04.003


241. Andreas Eberhard-Ruiz, Alexander Moradi. 2019. Regional market integration in East Africa: Local
but no regional effects?. Journal of Development Economics 140, 255-268. [Crossref]

242. Jianshuang Fan, Lin Zhou. 2019. Three-dimensional intergovernmental competition and urban
sprawl: Evidence from Chinese prefectural-level cities. Land Use Policy 87, 104035. [Crossref]

243. Longfei Zheng, Fenjie Long, Zheng Chang, Jingsong Ye. 2019. Ghost town or city of hope?
The spatial spillover effects of high-speed railway stations in China. Transport Policy 81, 230-241.
[Crossref]

244. Jean-François Maystadt, Muhammad-Kabir Salihu. 2019. National or political cake? The political
economy of intergovernmental transfers in Nigeria. Journal of Economic Geography 19:5, 1119-1142.
[Crossref]

245. Yanfang Wang, Shumei Chen. 2019. The Impacts of Import Penetration on Regional Income
Inequality in China: A Global Value Chain Perspective. The Developing Economies 57:3, 233-256.
[Crossref]

246. Xiaole Ji, Xinze Li, Yaqian He, Xiaolong Liu. 2019. A Simple Method to Improve Estimates of
County-Level Economics in China Using Nighttime Light Data and GDP Growth Rate. ISPRS
International Journal of Geo-Information 8:9, 419. [Crossref]

247. Xin Li, Taoyang Wang, Guo Zhang, Boyang Jiang, Peng Jia, Zhuxi Zhang, Yuan Zhao. 2019. Planar
Block Adjustment for China’s Land Regions with LuoJia1-01 Nighttime Light Imagery. Remote
Sensing 11:18, 2097. [Crossref]

248. Mingyu Kang, Meen Jung. 2019. Night on South Korea: Unraveling the Relationship between Urban
Development Patterns and DMSP-OLS Night-Time Lights. Remote Sensing 11:18, 2140. [Crossref]

249. Mee-Hyun Cho, Rokjin J Park, Jinho Yoon, Yonghan Choi, Jaein I Jeong, Lev Labzovskii, Joshua
S Fu, Kan Huang, Su-Jong Jeong, Baek-Min Kim. 2019. A missing component of Arctic warming:
black carbon from gas flaring. Environmental Research Letters 14:9, 094011. [Crossref]

250. Eeva Kerola. 2019. In Search of Fluctuations: Another Look at China’s Incredibly Stable GDP Growth
Rates. Comparative Economic Studies 61:3, 359-380. [Crossref]

251. Oscar A. Ishizawa, Juan José Miranda, Eric Strobl. 2019. The Impact of Hurricane Strikes on
Short-Term Local Economic Activity: Evidence from Nightlight Images in the Dominican Republic.
International Journal of Disaster Risk Science 10:3, 362-370. [Crossref]

252. Zhao, Zhou, Li, Cao, He, Yu, Li, Elvidge, Cheng, Zhou. 2019. Applications of Satellite Remote
Sensing of Nighttime Light Observations: Advances, Challenges, and Perspectives. Remote Sensing
11:17, 1971. [Crossref]

253. Bidur Devkota, Hiroyuki Miyazaki, Apichon Witayangkurn, Sohee Minsun Kim. 2019. Using
Volunteered Geographic Information and Nighttime Light Remote Sensing Data to Identify Tourism
Areas of Interest. Sustainability 11:17, 4718. [Crossref]

254. Adrien Bouguen, Yue Huang, Michael Kremer, Edward Miguel. 2019. Using Randomized Controlled
Trials to Estimate Long-Run Impacts in Development Economics. Annual Review of Economics 11:1,
523-561. [Crossref]

255. Jiejie Chen, Long Li. 2019. Regional Economic Activity Derived From MODIS Data: A Comparison
With DMSP/OLS and NPP/VIIRS Nighttime Light Data. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing 12:8, 3067-3077. [Crossref]

256. Yongguang Zhu, Deyi Xu, Saleem H. Ali, Ruiyang Ma, Jinhua Cheng. 2019. Can Nighttime Light
Data Be Used to Estimate Electric Power Consumption? New Evidence from Causal-Effect Inference.
Energies 12:16, 3154. [Crossref]

https://doi.org/10.1016/j.jdeveco.2019.06.005
https://doi.org/10.1016/j.landusepol.2019.104035
https://doi.org/10.1016/j.tranpol.2019.07.005
https://doi.org/10.1093/jeg/lby032
https://doi.org/10.1111/deve.12211
https://doi.org/10.3390/ijgi8090419
https://doi.org/10.3390/rs11182097
https://doi.org/10.3390/rs11182140
https://doi.org/10.1088/1748-9326/ab374d
https://doi.org/10.1057/s41294-019-00086-z
https://doi.org/10.1007/s13753-019-00226-0
https://doi.org/10.3390/rs11171971
https://doi.org/10.3390/su11174718
https://doi.org/10.1146/annurev-economics-080218-030333
https://doi.org/10.1109/JSTARS.2019.2915646
https://doi.org/10.3390/en12163154


257. Liang Zhou, Qinke Sun, Xuewei Dang, Shaohua Wang. 2019. Comparison on Multi-Scale Urban
Expansion Derived from Nightlight Imagery between China and India. Sustainability 11:16, 4509.
[Crossref]

258. Lei Dong, Carlo Ratti, Siqi Zheng. 2019. Predicting neighborhoods’ socioeconomic attributes using
restaurant data. Proceedings of the National Academy of Sciences 116:31, 15447-15452. [Crossref]

259. Filippo Lechthaler, Barbara Matthys, Giulia Lechthaler-Felber, Joris Losimba Likwela, Hypolite
Muhindo Mavoko, Junior Matangila Rika, Meschac Mutombo Mutombo, Laura Ruckstuhl, Joanna
Barczyk, Estifanos Shargie, Helen Prytherch, Christian Lengeler. 2019. Trends in reported malaria
cases and the effects of malaria control in the Democratic Republic of the Congo. PLOS ONE 14:7,
e0219853. [Crossref]

260. Andaleeb Rahman, Sumit Mishra. 2019. Does Non-farm Income Affect Food Security? Evidence from
India. The Journal of Development Studies 36, 1-20. [Crossref]

261. Chang Liu, Guangrong Ma. 2019. Are Place-Based Policies Always a Blessing? Evidence from China’s
National Poor County Programme. The Journal of Development Studies 55:7, 1603-1615. [Crossref]

262. Jian Gao, Yi-Cheng Zhang, Tao Zhou. 2019. Computational socioeconomics. Physics Reports 817,
1-104. [Crossref]

263. Pascal Jaupart. 2019. No country for young men: International migration and left‐behind children in
Tajikistan. Economics of Transition and Institutional Change 27:3, 579-614. [Crossref]

264. Stijn van Weezel. 2019. On climate and conflict: Precipitation decline and communal conflict in
Ethiopia and Kenya. Journal of Peace Research 56:4, 514-528. [Crossref]

265. Jacob P. Hochard, Stuart Hamilton, Edward B. Barbier. 2019. Mangroves shelter coastal economic
activity from cyclones. Proceedings of the National Academy of Sciences 116:25, 12232-12237. [Crossref]

266. Rajesh Sharma, Pradeep Kautish. 2019. Dynamism between selected macroeconomic determinants
and electricity consumption in India. International Journal of Social Economics 46:6, 805-821.
[Crossref]

267. Kathryn Baragwanath, Ran Goldblatt, Gordon Hanson, Amit K. Khandelwal. 2019. Detecting urban
markets with satellite imagery: An application to India. Journal of Urban Economics 103173. [Crossref]

268. Dong Li, Jiming Liu. 2019. Uncovering the relationship between point-of-interests-related human
mobility and socioeconomic status. Telematics and Informatics 39, 49-63. [Crossref]

269. Hamid Reza Oskorouchi. 2019. Learning to Fight: Afghan Child Health and In‐utero Exposure to
Conflict. Population and Development Review 45:2, 275-300. [Crossref]

270. Dong Feng, Jian Li, Xintao Li, Zaisheng Zhang. 2019. The Effects of Urban Sprawl and Industrial
Agglomeration on Environmental Efficiency: Evidence from the Beijing–Tianjin–Hebei Urban
Agglomeration. Sustainability 11:11, 3042. [Crossref]

271. Nemera Mamo, Sambit Bhattacharyya, Alexander Moradi. 2019. Intensive and extensive margins of
mining and development: Evidence from Sub-Saharan Africa. Journal of Development Economics 139,
28-49. [Crossref]

272. Rohan Best, Paul J. Burke. 2019. Macroeconomic impacts of the 2010 earthquake in Haiti. Empirical
Economics 56:5, 1647-1681. [Crossref]

273. Jonathan I. Dingel, Antonio Miscio, Donald R. Davis. 2019. Cities, lights, and skills in developing
economies. Journal of Urban Economics 103174. [Crossref]

274. Kerianne Lawson. 2019. Using currency iconography to measure institutional quality. The Quarterly
Review of Economics and Finance 72, 73-79. [Crossref]

275. Muhammad Halley Yudhistira, Witri Indriyani, Andhika Putra Pratama, Yusuf Sofiyandi, Yusuf Reza
Kurniawan. 2019. Transportation network and changes in urban structure: Evidence from the Jakarta
Metropolitan Area. Research in Transportation Economics 74, 52-63. [Crossref]

https://doi.org/10.3390/su11164509
https://doi.org/10.1073/pnas.1903064116
https://doi.org/10.1371/journal.pone.0219853
https://doi.org/10.1080/00220388.2019.1640871
https://doi.org/10.1080/00220388.2018.1438598
https://doi.org/10.1016/j.physrep.2019.05.002
https://doi.org/10.1111/ecot.12187
https://doi.org/10.1177/0022343319826409
https://doi.org/10.1073/pnas.1820067116
https://doi.org/10.1108/IJSE-11-2018-0586
https://doi.org/10.1016/j.jue.2019.05.004
https://doi.org/10.1016/j.tele.2019.01.001
https://doi.org/10.1111/padr.12229
https://doi.org/10.3390/su11113042
https://doi.org/10.1016/j.jdeveco.2019.02.001
https://doi.org/10.1007/s00181-017-1405-4
https://doi.org/10.1016/j.jue.2019.05.005
https://doi.org/10.1016/j.qref.2018.10.006
https://doi.org/10.1016/j.retrec.2018.12.003


276. Fan Duan, Bulent Unel. 2019. Persistence of cities: Evidence from China. Review of Development
Economics 23:2, 663-676. [Crossref]

277. Achim Kemmerling, Michael Neugart. 2019. Redistributive pensions in the developing world. Review
of Development Economics 23:2, 702-726. [Crossref]

278. Xi Chen, William D. Nordhaus. 2019. VIIRS Nighttime Lights in the Estimation of Cross-Sectional
and Time-Series GDP. Remote Sensing 11:9, 1057. [Crossref]

279. Ping Zhang, XunPeng Shi, YongPing Sun, Jingbo Cui, Shuai Shao. 2019. Have China's provinces
achieved their targets of energy intensity reduction? Reassessment based on nighttime lighting data.
Energy Policy 128, 276-283. [Crossref]

280. G. Grill, B. Lehner, M. Thieme, B. Geenen, D. Tickner, F. Antonelli, S. Babu, P. Borrelli, L. Cheng,
H. Crochetiere, H. Ehalt Macedo, R. Filgueiras, M. Goichot, J. Higgins, Z. Hogan, B. Lip, M.
E. McClain, J. Meng, M. Mulligan, C. Nilsson, J. D. Olden, J. J. Opperman, P. Petry, C. Reidy
Liermann, L. Sáenz, S. Salinas-Rodríguez, P. Schelle, R. J. P. Schmitt, J. Snider, F. Tan, K. Tockner,
P. H. Valdujo, A. van Soesbergen, C. Zarfl. 2019. Mapping the world’s free-flowing rivers. Nature
569:7755, 215-221. [Crossref]

281. Qianling Zhou, Changxin Wang, Shijiao Fang. 2019. Application of geographically weighted
regression (GWR) in the analysis of the cause of haze pollution in China. Atmospheric Pollution
Research 10:3, 835-846. [Crossref]

282. Hiep Ngoc Luu, Ngoc Minh Nguyen, Hai Hong Ho, Dao Ngoc Tien. 2019. Infrastructure and
economic development in developing economies. International Journal of Social Economics 46:4,
581-594. [Crossref]

283. Zheyan Shen, Xiaolin Zhu, Xin Cao, Jin Chen. 2019. Measurement of blooming effect of DMSP-
OLS nighttime light data based on NPP-VIIRS data. Annals of GIS 25:2, 153-165. [Crossref]

284. Xin Cao, Yang Hu, Xiaolin Zhu, Feng Shi, Li Zhuo, Jin Chen. 2019. A simple self-adjusting model for
correcting the blooming effects in DMSP-OLS nighttime light images. Remote Sensing of Environment
224, 401-411. [Crossref]

285. Merima Ali, Odd-Helge Fjeldstad, Boqian Jiang, Abdulaziz B Shifa. 2019. Colonial Legacy, State-
building and the Salience of Ethnicity in Sub-Saharan Africa. The Economic Journal 129:619,
1048-1081. [Crossref]

286. James Alm. 2019. WHAT MOTIVATES TAX COMPLIANCE?. Journal of Economic Surveys 33:2,
353-388. [Crossref]

287. Mohammad Reza Farzanegan, Bernd Hayo. 2019. Sanctions and the shadow economy: empirical
evidence from Iranian provinces. Applied Economics Letters 26:6, 501-505. [Crossref]

288. Qi Zhang, Mingxing Liu. Revolutionary Legacy, Power Structure, and Grassroots Capitalism under
the Red Flag in China 2, . [Crossref]

289. Jonas Hjort, Jonas Poulsen. 2019. The Arrival of Fast Internet and Employment in Africa. American
Economic Review 109:3, 1032-1079. [Abstract] [View PDF article] [PDF with links]

290. Yuying Sun, Yongmiao Hong, Shouyang Wang. 2019. Out-of-sample forecasts of China's economic
growth and inflation using rolling weighted least squares. Journal of Management Science and
Engineering 4:1, 1-11. [Crossref]

291. Gregory Brock. 2019. A remote sensing look at the economy of a Russian region (Rostov) adjacent
to the Ukrainian crisis. Journal of Policy Modeling 41:2, 416-431. [Crossref]

292. Fariha Kamal, Asha Sundaram. 2019. Do institutions determine economic Geography? Evidence from
the concentration of foreign suppliers. Journal of Urban Economics 110, 89-101. [Crossref]

https://doi.org/10.1111/rode.12565
https://doi.org/10.1111/rode.12582
https://doi.org/10.3390/rs11091057
https://doi.org/10.1016/j.enpol.2019.01.014
https://doi.org/10.1038/s41586-019-1111-9
https://doi.org/10.1016/j.apr.2018.12.012
https://doi.org/10.1108/IJSE-05-2018-0252
https://doi.org/10.1080/19475683.2019.1570336
https://doi.org/10.1016/j.rse.2019.02.019
https://doi.org/10.1111/ecoj.12595
https://doi.org/10.1111/joes.12272
https://doi.org/10.1080/13504851.2018.1486981
https://doi.org/10.1017/9781108657501
https://doi.org/10.1257/aer.20161385
http://pubs.aeaweb.org/doi/pdf/10.1257/aer.20161385
http://pubs.aeaweb.org/doi/pdfplus/10.1257/aer.20161385
https://doi.org/10.1016/j.jmse.2019.03.002
https://doi.org/10.1016/j.jpolmod.2019.02.013
https://doi.org/10.1016/j.jue.2019.02.001


293. Johanna Choumert-Nkolo, Pascale Combes Motel, Leonard Le Roux. 2019. Stacking up the ladder:
A panel data analysis of Tanzanian household energy choices. World Development 115, 222-235.
[Crossref]

294. Sudipa Sarkar, Soham Sahoo, Stephan Klasen. 2019. Employment transitions of women in India: A
panel analysis. World Development 115, 291-309. [Crossref]

295. Nonso Obikili. 2019. The Impact of Political Competition on Economic Growth: Evidence from
Municipalities in South Africa. South African Journal of Economics 87:1, 3-21. [Crossref]

296. Linyue Li, Zhixian Sun, Xiang Long. 2019. An empirical analysis of night-time light data based on
the gravity model. Applied Economics 51:8, 797-814. [Crossref]

297. Casey Lickfold, Michael Jetter. 2019. Systematic Underinvestment in the Global Space Sector: An
Explanation and Potential Remedies. Space Policy 47, 34-43. [Crossref]

298. Guangyue Wei. 2019. A BIBLIOMETRIC ANALYSIS OF THE TOP FIVE ECONOMICS
JOURNALS DURING 2012-2016. Journal of Economic Surveys 33:1, 25-59. [Crossref]

299. Giacomo Falchetta, Michel Noussan. 2019. Interannual Variation in Night-Time Light Radiance
Predicts Changes in National Electricity Consumption Conditional on Income-Level and Region.
Energies 12:3, 456. [Crossref]

300. Deshan Li, Yanfen Zhao, Rongwei Wu, Jiefang Dong. 2019. Spatiotemporal Features and
Socioeconomic Drivers of PM2.5 Concentrations in China. Sustainability 11:4, 1201. [Crossref]

301. Ore Koren. 2019. Food, state power, and rebellion: The case of maize. International Interactions 45:1,
170-197. [Crossref]

302. Sandra Achten, Lars Beyer, Antje-Mareike Dietrich, Dennis Ebeling, Christian Lessmann, Arne
Steinkraus. 2019. Large scale infrastructure investment and economic performance – a case study of
Oresund. Applied Economics Letters 26:1, 21-26. [Crossref]

303. Xufeng Zhu, Youlang Zhang. 2019. Diffusion of Marketization Innovation with Administrative
Centralization in a Multilevel System: Evidence from China. Journal of Public Administration Research
and Theory 29:1, 133-150. [Crossref]

304. Basma Albanna, Richard Heeks. 2019. Positive deviance, big data, and development: A systematic
literature review. The Electronic Journal of Information Systems in Developing Countries 85:1, e12063.
[Crossref]

305. Marco Mamei, Seyit Mümin Cilasun, Marco Lippi, Francesca Pancotto, Semih Tümen. Improve
Education Opportunities for Better Integration of Syrian Refugees in Turkey 381-402. [Crossref]

306. Michel Beine, Luisito Bertinelli, Rana Cömertpay, Anastasia Litina, Jean-François Maystadt, Benteng
Zou. Refugee Mobility: Evidence from Phone Data in Turkey 433-449. [Crossref]

307. David Urbano, Sebastian Aparicio, David B. Audretsch. Institutional Context, Entrepreneurial
Activity, and Social Progress 131-149. [Crossref]

308. M. Simona Andreano, Roberto Benedetti, Federica Piersimoni, Paolo Postiglione, Giovanni Savio.
Sampling and Modelling Issues Using Big Data in Now-Casting 179-189. [Crossref]

309. Felipe Valencia Caicedo. Missionaries in Latin America and Asia: A First Global Mass Education
Wave 61-97. [Crossref]

310. Bumba Mukherjee, Ore Koren. Introduction 1-35. [Crossref]
311. Bumba Mukherjee, Ore Koren. Food Crises, Urban Development, and Mass Killing in Nondemocratic

States 37-82. [Crossref]
312. Bumba Mukherjee, Ore Koren. Urban Development and Mass Killing: A First Look at the Data

83-117. [Crossref]
313. Bumba Mukherjee, Ore Koren. Conclusion 253-274. [Crossref]

https://doi.org/10.1016/j.worlddev.2018.11.016
https://doi.org/10.1016/j.worlddev.2018.12.003
https://doi.org/10.1111/saje.12208
https://doi.org/10.1080/00036846.2018.1523612
https://doi.org/10.1016/j.spacepol.2018.05.004
https://doi.org/10.1111/joes.12260
https://doi.org/10.3390/en12030456
https://doi.org/10.3390/su11041201
https://doi.org/10.1080/03050629.2019.1522311
https://doi.org/10.1080/13504851.2018.1433289
https://doi.org/10.1093/jopart/muy034
https://doi.org/10.1002/isd2.12063
https://doi.org/10.1007/978-3-030-12554-7_19
https://doi.org/10.1007/978-3-030-12554-7_22
https://doi.org/10.1007/978-3-030-13373-3_6
https://doi.org/10.1007/978-3-030-21158-5_14
https://doi.org/10.1007/978-3-030-25417-9_3
https://doi.org/10.1007/978-3-319-91758-0_1
https://doi.org/10.1007/978-3-319-91758-0_2
https://doi.org/10.1007/978-3-319-91758-0_3
https://doi.org/10.1007/978-3-319-91758-0_7


314. Tomoya Matsumoto. Devolution and Local Development in Emerging States: The Case of Kenya
157-175. [Crossref]

315. Sean Fox, David Ney, Enrica Verrucci. 2019. Liberalisation, urban governance and gridlock:
Diagnosing Yangon's mobility crisis. Cities 84, 83-95. [Crossref]

316. Susanne A. Frick, Andrés Rodríguez-Pose, Michael D. Wong. 2019. Toward Economically Dynamic
Special Economic Zones in Emerging Countries. Economic Geography 95:1, 30-64. [Crossref]

317. Jie Shen, Chunlai Chen, Mengyu Yang, Keyun Zhang. 2019. City Size, Population Concentration and
Productivity: Evidence from China. China & World Economy 27:1, 110-131. [Crossref]

318. Samuel Rueckert Brazys, Krishna Chaitanya Vadlamannati, Tianyang Song. 2019. Which Wheel Gets
the Grease? Constituent Agency and Sub-national World Bank Aid Allocation. SSRN Electronic
Journal . [Crossref]

319. Riccardo Rebonato. 2019. Predictability of Treasury Bond Returns: Risk Premia or Overreaction?.
SSRN Electronic Journal . [Crossref]

320. Rossella Calvi, Federico Mantovanelli, Lauren Hoehn-Velasco. 2019. The Protestant Legacy: Missions
and Human Capital in India. SSRN Electronic Journal . [Crossref]

321. Jonathan I. Dingel, Antonio Miscio, Donald R. Davis. 2019. Cities, Lights, and Skills in Developing
Economies. SSRN Electronic Journal . [Crossref]

322. Luc Jacolin, Keneck Massil Joseph, Alphonse Noah. 2019. Informal Sector and Mobile Financial
Services in Developing Countries: Does Financial Innovation Matter?. SSRN Electronic Journal .
[Crossref]

323. Areendam Chanda, C. Justin Cook. 2019. Who Gained from India’s Demonetization? Insights from
Satellites and Surveys. SSRN Electronic Journal . [Crossref]

324. Xuantong Wang, Mickey Rafa, Jonathan Moyer, Jing Li, Jennifer Scheer, Paul Sutton. 2019.
Estimation and Mapping of Sub-National GDP in Uganda Using NPP-VIIRS Imagery. Remote
Sensing 11:2, 163. [Crossref]

325. Yingyao Hu, Jiaxiong Yao. 2019. Illuminating Economic Growth. IMF Working Papers 19:77, 1.
[Crossref]

326. Priyanka Yadav, Amit S Ray. 2019. The Merit of Private Provision of Merit Goods: Econometric
Evidence From the Indian Healthcare Sector. SSRN Electronic Journal . [Crossref]

327. Ran Goldblatt, Madeline Jones, Brad Bottoms. 2019. Geospatial data for research on economic
development. Development Engineering 4, 100041. [Crossref]

328. Abhiroop Mukherjee, George Panayotov, Janghoon Shon. 2019. Can Private Satellites Provide an
Alternative to Government Data?. SSRN Electronic Journal . [Crossref]

329. André Seidel. 2019. A Global Map of Amenities: Public Goods, Ethnic Divisions and Decentralization.
SSRN Electronic Journal . [Crossref]

330. Xia Chen, Qiang Cheng, Ying Hao, Qiang Liu. 2019. GDP Growth Incentives and Earnings
Management: Evidence from China. SSRN Electronic Journal . [Crossref]

331. Onur Altindag, Stephen D. O'Connell, Aytug Sasmaz, Zeynep Balcioglu, Paola Cadoni, Matilda
Jerneck, Aimee Kunze Foong. 2019. Targeting Humanitarian Aid Using Administrative Data: Model
Design and Validation. SSRN Electronic Journal . [Crossref]

332. Gabriela Aznar-Siguan, David N. Bresch. 2019. CLIMADA v1: a global weather and climate risk
assessment platform. Geoscientific Model Development 12:7, 3085-3097. [Crossref]

333. Felipe González, Pablo Munoz, Mounu Prem. 2019. Lost in Transition? The Persistence of
Dictatorship Mayors. SSRN Electronic Journal . [Crossref]

https://doi.org/10.1007/978-981-13-2904-3_8
https://doi.org/10.1016/j.cities.2018.07.008
https://doi.org/10.1080/00130095.2018.1467732
https://doi.org/10.1111/cwe.12270
https://doi.org/10.2139/ssrn.3329507
https://doi.org/10.2139/ssrn.3329845
https://doi.org/10.2139/ssrn.3354891
https://doi.org/10.2139/ssrn.3361220
https://doi.org/10.2139/ssrn.3396046
https://doi.org/10.2139/ssrn.3444464
https://doi.org/10.3390/rs11020163
https://doi.org/10.5089/9781498302944.001
https://doi.org/10.2139/ssrn.3460555
https://doi.org/10.1016/j.deveng.2019.100041
https://doi.org/10.2139/ssrn.3446701
https://doi.org/10.2139/ssrn.3457141
https://doi.org/10.2139/ssrn.3439132
https://doi.org/10.2139/ssrn.3444974
https://doi.org/10.5194/gmd-12-3085-2019
https://doi.org/10.2139/ssrn.3456949


334. Martino Pelli, Jeanne Tschopp, Natalia Bezmaternykh, Kodjovi Eklou. 2019. In the Eye of the Storm:
Firms and Capital Destruction in India. SSRN Electronic Journal . [Crossref]

335. Seth Goodman, Ariel BenYishay, Zhonghui Lv, Daniel Runfola. 2019. GeoQuery: Integrating HPC
systems and public web-based geospatial data tools. Computers & Geosciences 122, 103-112. [Crossref]

336. Yi Jiang, Stewart Jones. 2018. Corporate distress prediction in China: a machine learning approach.
Accounting & Finance 58:4, 1063-1109. [Crossref]

337. Amparo Castelló‐Climent, Latika Chaudhary, Abhiroop Mukhopadhyay. 2018. Higher Education
and Prosperity: From Catholic Missionaries to Luminosity in India. The Economic Journal 128:616,
3039-3075. [Crossref]

338. Hao-min Yang, Pei-long Liu, Yan Guo. 2018. Determinants of China’s development assistance for
health at the sub-national level of African countries (2006–2015). Infectious Diseases of Poverty 7:1. .
[Crossref]

339. Maximilian v. Ehrlich, Tobias Seidel. 2018. The Persistent Effects of Place-Based Policy: Evidence
from the West-German Zonenrandgebiet. American Economic Journal: Economic Policy 10:4, 344-374.
[Abstract] [View PDF article] [PDF with links]

340. Marco Gonzalez-Navarro, Matthew A. Turner. 2018. Subways and urban growth: Evidence from
earth. Journal of Urban Economics 108, 85-106. [Crossref]

341. Gregor Pfeifer, Fabian Wahl, Martyna Marczak. 2018. Illuminating the World Cup effect: Night lights
evidence from South Africa. Journal of Regional Science 58:5, 887-920. [Crossref]

342. Xi Li, Lixian Zhao, Deren Li, Huimin Xu. 2018. Mapping Urban Extent Using Luojia 1-01
Nighttime Light Imagery. Sensors 18:11, 3665. [Crossref]

343. Jingyu Song, Michael S. Delgado, Paul V. Preckel, Nelson B. Villoria. 2018. Downscaling of national
crop area statistics using drivers of cropland productivity measured at fine resolutions. PLOS ONE
13:10, e0205152. [Crossref]

344. Ingvild Almås, Orazio Attanasio, Jyotsna Jalan, Francisco Oteiza, Marcella Vigneri. 2018. Using data
differently and using different data. Journal of Development Effectiveness 10:4, 462-481. [Crossref]

345. Thiemo Fetzer, Oliver Pardo, Amar Shanghavi. 2018. More than an urban legend: the short- and
long-run effects of unplanned fertility shocks. Journal of Population Economics 31:4, 1125-1176.
[Crossref]

346. Fredrick M. Wamalwa, Justine Burns. 2018. Private schools and student learning achievements in
Kenya. Economics of Education Review 66, 114-124. [Crossref]

347. Fenjie Long, Longfei Zheng, Zhida Song. 2018. High-speed rail and urban expansion: An empirical
study using a time series of nighttime light satellite data in China. Journal of Transport Geography
72, 106-118. [Crossref]

348. Brock Smith, Samuel Wills. 2018. Left in the Dark? Oil and Rural Poverty. Journal of the Association
of Environmental and Resource Economists 5:4, 865-904. [Crossref]

349. Junyan Jiang. 2018. Making Bureaucracy Work: Patronage Networks, Performance Incentives, and
Economic Development in China. American Journal of Political Science 62:4, 982-999. [Crossref]

350. Siddhant Agarwal, Athisii Kayina, Abhiroop Mukhopadhyay, Anugula N. Reddy. 2018.
Redistributing teachers using local transfers. World Development 110, 333-344. [Crossref]

351. Jin Zhang, Pujiang Li, Guochang Zhao. 2018. Is power generation really the gold measure of the
Chinese economy? A conceptual and empirical assessment. Energy Policy 121, 211-216. [Crossref]

352. Michael Zgurovsky, Viktor Putrenko, Iryna Dzhygyrey, Andrey Boldak, Kostiantyn Yefremov,
Nataliia Pashynska, Ivan Pyshnograiev, Sergiy Nazarenko. Parameterization of Sustainable
Development Components Using Nightlight Indicators in Ukraine 1-5. [Crossref]

https://doi.org/10.2139/ssrn.3449708
https://doi.org/10.1016/j.cageo.2018.10.009
https://doi.org/10.1111/acfi.12432
https://doi.org/10.1111/ecoj.12551
https://doi.org/10.1186/s40249-018-0510-8
https://doi.org/10.1257/pol.20160395
http://pubs.aeaweb.org/doi/pdf/10.1257/pol.20160395
http://pubs.aeaweb.org/doi/pdfplus/10.1257/pol.20160395
https://doi.org/10.1016/j.jue.2018.09.002
https://doi.org/10.1111/jors.12410
https://doi.org/10.3390/s18113665
https://doi.org/10.1371/journal.pone.0205152
https://doi.org/10.1080/19439342.2018.1530279
https://doi.org/10.1007/s00148-017-0685-5
https://doi.org/10.1016/j.econedurev.2018.07.004
https://doi.org/10.1016/j.jtrangeo.2018.08.011
https://doi.org/10.1086/698512
https://doi.org/10.1111/ajps.12394
https://doi.org/10.1016/j.worlddev.2018.06.010
https://doi.org/10.1016/j.enpol.2018.06.030
https://doi.org/10.1109/SAIC.2018.8516726


353. Anna Bruederle, Roland Hodler. 2018. Nighttime lights as a proxy for human development at the
local level. PLOS ONE 13:9, e0202231. [Crossref]

354. Ahmed Yamen, Amir Allam, Ahmed Bani-Mustafa, Ali Uyar. 2018. Impact of institutional
environment quality on tax evasion: A comparative investigation of old versus new EU members.
Journal of International Accounting, Auditing and Taxation 32, 17-29. [Crossref]

355. Andrea Civelli, Andrew Horowitz, Arilton Teixeira. 2018. Foreign aid and growth: A Sp P-VAR
analysis using satellite sub-national data for Uganda. Journal of Development Economics 134, 50-67.
[Crossref]

356. Edward Goldring, Michael Wahman. 2018. Fighting for a name on the ballot: constituency-level
analysis of nomination violence in Zambia. Democratization 25:6, 996-1015. [Crossref]

357. Jason Russ, Claudia Berg, Richard Damania, A. Federico Barra, Rubaba Ali, John Nash. 2018.
Evaluating Transport Infrastructure Projects in Low Data Environments: An Application to Nigeria.
The Journal of Development Studies 54:8, 1406-1425. [Crossref]

358. Stelios Michalopoulos, Elias Papaioannou. 2018. Spatial Patterns of Development: A Meso Approach.
Annual Review of Economics 10:1, 383-410. [Crossref]

359. Jiawei Mo. 2018. Land financing and economic growth: Evidence from Chinese counties. China
Economic Review 50, 218-239. [Crossref]

360. Changjiang Lyu, Kemin Wang, Frank Zhang, Xin Zhang. 2018. GDP management to meet or beat
growth targets. Journal of Accounting and Economics 66:1, 318-338. [Crossref]

361. Filipe Campante, David Yanagizawa-Drott. 2018. Long-Range Growth: Economic Development in
the Global Network of Air Links*. The Quarterly Journal of Economics 133:3, 1395-1458. [Crossref]

362. Julia Bird, Yue Li, Hossain Zillur Rahman, Martin Rama, Anthony J. Venables. Dhaka: Dynamic
but Messy 7-29. [Crossref]

363. Andrew Dickens. 2018. Ethnolinguistic Favoritism in African Politics. American Economic Journal:
Applied Economics 10:3, 370-402. [Abstract] [View PDF article] [PDF with links]

364. Jinghu Pan, Yanxing Hu. 2018. Spatial Identification of Multi-dimensional Poverty in Rural China: A
Perspective of Nighttime-Light Remote Sensing Data. Journal of the Indian Society of Remote Sensing
46:7, 1093-1111. [Crossref]

365. Boris Gershman, Diego Rivera. 2018. Subnational diversity in Sub-Saharan Africa: Insights from a
new dataset. Journal of Development Economics 133, 231-263. [Crossref]

366. Jonas B. Bunte, Harsh Desai, Kanio Gbala, Bradley Parks, Daniel Miller Runfola. 2018. Natural
resource sector FDI, government policy, and economic growth: Quasi-experimental evidence from
Liberia. World Development 107, 151-162. [Crossref]

367. Pierre F. Landry, Xiaobo Lü, Haiyan Duan. 2018. Does Performance Matter? Evaluating Political
Selection Along the Chinese Administrative Ladder. Comparative Political Studies 51:8, 1074-1105.
[Crossref]

368. Mark Roberts. The Many Dimensions of Urbanization and the Productivity of Cities in Latin America
and the Caribbean 49-86. [Crossref]

369. Nancy Lozano Gracia, Paula Restrepo Cadavid. Urban Form, Institutional Fragmentation, and
Metropolitan Coordination 167-195. [Crossref]

370. . Front Matter i-xxii. [Crossref]
371. Masayuki Kudamatsu. 2018. GIS for Credible Identification Strategies in Economics Research. CESifo

Economic Studies 64:2, 327-338. [Crossref]
372. Roland Hodler. 2018. The Economic Effects of Genocide: Evidence from Rwanda†. Journal of African

Economies 105. . [Crossref]

https://doi.org/10.1371/journal.pone.0202231
https://doi.org/10.1016/j.intaccaudtax.2018.07.001
https://doi.org/10.1016/j.jdeveco.2018.05.001
https://doi.org/10.1080/13510347.2017.1394844
https://doi.org/10.1080/00220388.2017.1308488
https://doi.org/10.1146/annurev-economics-080217-053355
https://doi.org/10.1016/j.chieco.2018.04.011
https://doi.org/10.1016/j.jacceco.2018.07.001
https://doi.org/10.1093/qje/qjx050
https://doi.org/10.1596/978-1-4648-1238-5_ch1
https://doi.org/10.1257/app.20160066
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20160066
http://pubs.aeaweb.org/doi/pdfplus/10.1257/app.20160066
https://doi.org/10.1007/s12524-018-0772-4
https://doi.org/10.1016/j.jdeveco.2018.01.003
https://doi.org/10.1016/j.worlddev.2018.02.034
https://doi.org/10.1177/0010414017730078
https://doi.org/10.1596/978-1-4648-1258-3_ch2
https://doi.org/10.1596/978-1-4648-1258-3_ch6
https://doi.org/10.1596/978-1-4648-1258-3_fm
https://doi.org/10.1093/cesifo/ifx026
https://doi.org/10.1093/jae/ejy008


373. Eugenie Dugoua, Ryan Kennedy, Johannes Urpelainen. 2018. Satellite data for the social sciences:
measuring rural electrification with night-time lights. International Journal of Remote Sensing 39:9,
2690-2701. [Crossref]

374. Giacomo De Luca, Roland Hodler, Paul A. Raschky, Michele Valsecchi. 2018. Ethnic favoritism: An
axiom of politics?. Journal of Development Economics 132, 115-129. [Crossref]

375. Marshall Burke, W. Matthew Davis, Noah S. Diffenbaugh. 2018. Large potential reduction in
economic damages under UN mitigation targets. Nature 557:7706, 549-553. [Crossref]

376. Richard Mallett, Adam Pain. 2018. Post-War Recovery and the Role of Markets: Policy Insights from
Six Years of Research. Global Policy 9:2, 264-275. [Crossref]

377. Shuai Shao, Zhihua Tian, Meiting Fan. 2018. Do the rich have stronger willingness to pay for
environmental protection? New evidence from a survey in China. World Development 105, 83-94.
[Crossref]

378. Peter J. Williamson, Simon Hoenderop, Jochem Hoenderop. 2018. An alternative benchmark for
the validity of China’s GDP growth statistics. Journal of Chinese Economic and Business Studies 16:2,
171-191. [Crossref]

379. Edoardo Borgomeo, Bryan Vadheim, Firew B. Woldeyes, Tena Alamirew, Seneshaw Tamru, Katrina
J. Charles, Seifu Kebede, Oliver Walker. 2018. The Distributional and Multi-Sectoral Impacts of
Rainfall Shocks: Evidence From Computable General Equilibrium Modelling for the Awash Basin,
Ethiopia. Ecological Economics 146, 621-632. [Crossref]

380. Alexander J Moore. 2018. Growth spillovers and market access in Africa. Oxford Economic Papers
70:2, 375-391. [Crossref]

381. . Insights into Regional Integration from Two Contemporary Transport Corridors in East Asia 49-71.
[Crossref]

382. Myron P. Gutmann, Emily Klancher Merchant, Evan Roberts. 2018. “Big Data” in Economic History.
The Journal of Economic History 78:1, 268-299. [Crossref]

383. Guangrong Ma, Jie Mao. 2018. Fiscal Decentralisation and Local Economic Growth: Evidence from
a Fiscal Reform in China. Fiscal Studies 39:1, 159-187. [Crossref]

384. Ron Mahabir, Arie Croitoru, Andrew Crooks, Peggy Agouris, Anthony Stefanidis. 2018. A Critical
Review of High and Very High-Resolution Remote Sensing Approaches for Detecting and Mapping
Slums: Trends, Challenges and Emerging Opportunities. Urban Science 2:1, 8. [Crossref]

385. Ann-Sofie Isaksson, Andreas Kotsadam. 2018. Chinese aid and local corruption. Journal of Public
Economics 159, 146-159. [Crossref]

386. Ans Kolk, Miguel Rivera-Santos. 2018. The State of Research on Africa in Business and Management:
Insights From a Systematic Review of Key International Journals. Business & Society 57:3, 415-436.
[Crossref]

387. Lisa Sofie Höckel, Manuel Santos Silva, Tobias Stöhr. 2018. Can Parental Migration Reduce Petty
Corruption in Education?. The World Bank Economic Review 32:1, 109-126. [Crossref]

388. J Vernon Henderson, Tim Squires, Adam Storeygard, David Weil. 2018. The Global Distribution
of Economic Activity: Nature, History, and the Role of Trade1. The Quarterly Journal of Economics
133:1, 357-406. [Crossref]

389. Timothy Besley, Hannes Mueller. Cohesive Institutions and the Distribution of Political Rents:
Theory and Evidence 165-208. [Crossref]

390. Mark Roberts. Urban Growth in South Asia: A View from Outer Space 269-302. [Crossref]
391. Lina Meng, Wina H. J. Crijns-Graus, Ernst Worrell, Bo Huang. 2018. Impacts of booming economic

growth and urbanization on carbon dioxide emissions in Chinese megalopolises over 1985–2010: an
index decomposition analysis. Energy Efficiency 11:1, 203-223. [Crossref]

https://doi.org/10.1080/01431161.2017.1420936
https://doi.org/10.1016/j.jdeveco.2017.12.006
https://doi.org/10.1038/s41586-018-0071-9
https://doi.org/10.1111/1758-5899.12560
https://doi.org/10.1016/j.worlddev.2017.12.033
https://doi.org/10.1080/14765284.2018.1438867
https://doi.org/10.1016/j.ecolecon.2017.11.038
https://doi.org/10.1093/oep/gpx043
https://doi.org/10.1596/978-1-4648-1215-6_ch2
https://doi.org/10.1017/S0022050718000177
https://doi.org/10.1111/j.1475-5890.2017.12148
https://doi.org/10.3390/urbansci2010008
https://doi.org/10.1016/j.jpubeco.2018.01.002
https://doi.org/10.1177/0007650316629129
https://doi.org/10.1093/wber/lhx005
https://doi.org/10.1093/qje/qjx030
https://doi.org/10.1007/978-3-319-65684-7_7
https://doi.org/10.1007/978-3-319-69676-8_11
https://doi.org/10.1007/s12053-017-9559-7


392. Jennifer Alix-Garcia, Sarah Walker, Anne Bartlett, Harun Onder, Apurva Sanghi. 2018. Do refugee
camps help or hurt hosts? The case of Kakuma, Kenya. Journal of Development Economics 130, 66-83.
[Crossref]

393. Ajay Shenoy. 2018. Regional development through place-based policies: Evidence from a spatial
discontinuity. Journal of Development Economics 130, 173-189. [Crossref]

394. Yong Suk Lee. 2018. International isolation and regional inequality: Evidence from sanctions on North
Korea. Journal of Urban Economics 103, 34-51. [Crossref]

395. Richard Damania, Jason Russ, David Wheeler, Alvaro Federico Barra. 2018. The Road to Growth:
Measuring the Tradeoffs between Economic Growth and Ecological Destruction. World Development
101, 351-376. [Crossref]

396. Kate Elizabeth Gannon, Declan Conway, Joanna Pardoe, Mukelabai Ndiyoi, Nnyaladzi Batisani,
Eric Odada, Daniel Olago, Alfred Opere, Sinah Kgosietsile, Mubita Nyambe, Jessica Omukuti,
Christian Siderius. 2018. Business experience of floods and drought-related water and electricity supply
disruption in three cities in sub-Saharan Africa during the 2015/2016 El Niño. Global Sustainability
1. . [Crossref]

397. Merter Mert. 2018. Measuring economic growth using production possibility frontier under Harrod
neutrality. International Journal of Engineering Business Management 10, 184797901876841. [Crossref]

398. Wongsa Laohasiriwong, Nattapong Puttanapong, Amornrat Luenam. 2018. A comparison of spatial
heterogeneity with local cluster detection methods for chronic respiratory diseases in Thailand.
F1000Research 6, 1819. [Crossref]

399. Boubacar Diallo, Qi Zhang. 2018. Financial Inclusion and Development: Evidence from Satellite Light
Density at Night. SSRN Electronic Journal . [Crossref]

400. Sotiris Kampanelis. 2018. It's Time for Westernization: The Advantages of the Early Start for Long-
Term Economic Development at the Local Level. SSRN Electronic Journal . [Crossref]

401. Ricardo Dahis, Christiane Szerman. 2018. Administrative Unit Proliferation and Development:
Evidence From Brazilian Municipalities. SSRN Electronic Journal . [Crossref]

402. Brian Blankespoor, M. Shahe Emran, Forhad Shilpi, Lu Xu. 2018. Bridge to Bigpush or Backwash?
Market Integration, Reallocation, and Productivity Effects of Jamuna Bridge in Bangladesh. SSRN
Electronic Journal . [Crossref]

403. Ashani Amarasinghe, Roland Hodler, Paul Raschky, Yves Zenou. 2018. Spatial Diffusion of Economic
Shocks in Networks. SSRN Electronic Journal . [Crossref]

404. Muse Gadisa Demie. 2018. Cereals and Gender Roles: A Historical Perspective. SSRN Electronic
Journal . [Crossref]

405. Mohammad Reza Farzanegan, Bernd Hayo. 2018. Sanctions and the Shadow Economy: Empirical
Evidence from Iranian Provinces. SSRN Electronic Journal . [Crossref]

406. Alfio Cerami. 2018. The Night Lights of North Korea. Prosperity Shining and Public Policy
Governance. SSRN Electronic Journal . [Crossref]

407. Alfio Cerami. 2018. The Lights of Iraq: Electricity Usage and the Iraqi War-Fare Regime. SSRN
Electronic Journal . [Crossref]

408. Sugat Chaturvedi, Sabyasachi Das. 2018. Group Size and Political Representation Under Alternate
Electoral Systems. SSRN Electronic Journal . [Crossref]

409. Naveen Bharathi, Deepak V. Malghan, Andaleeb Rahman. 2018. More Heat than Light: Census-Scale
Evidence for the Relationship between Ethnic Diversity and Economic Development as a Statistical
Artifact. SSRN Electronic Journal . [Crossref]

410. Bibek Adhikari, Saroj Dhital. 2018. Decentralization and Regional Convergence: Evidence From
Night-Time Lights Data. SSRN Electronic Journal . [Crossref]

https://doi.org/10.1016/j.jdeveco.2017.09.005
https://doi.org/10.1016/j.jdeveco.2017.10.001
https://doi.org/10.1016/j.jue.2017.11.002
https://doi.org/10.1016/j.worlddev.2017.06.001
https://doi.org/10.1017/sus.2018.14
https://doi.org/10.1177/1847979018768416
https://doi.org/10.12688/f1000research.12128.2
https://doi.org/10.2139/ssrn.3120667
https://doi.org/10.2139/ssrn.3121978
https://doi.org/10.2139/ssrn.3125757
https://doi.org/10.2139/ssrn.3162451
https://doi.org/10.2139/ssrn.3163291
https://doi.org/10.2139/ssrn.3176346
https://doi.org/10.2139/ssrn.3199718
https://doi.org/10.2139/ssrn.3202789
https://doi.org/10.2139/ssrn.3202802
https://doi.org/10.2139/ssrn.3217946
https://doi.org/10.2139/ssrn.3226878
https://doi.org/10.2139/ssrn.3260898


411. Richard Bluhm, Axel Dreher, Andreas Fuchs, Bradley Parks, Austin Strange, Michael J. Tierney.
2018. Connective Financing: Chinese Infrastructure Projects and the Diffusion of Economic Activity
in Developing Countries. SSRN Electronic Journal . [Crossref]

412. Chander Kant. 2018. Where Is the African Growth Miracle?. SSRN Electronic Journal . [Crossref]
413. Leopoldo Fergusson, Tatiana Hiller, Ana María Ibáñez. 2018. Growth and Inclusion Trajectories of

Colombian Functional Territories. SSRN Electronic Journal . [Crossref]
414. Juan Soto, Olga Vargas, Julio A. Berdegue. 2018. How Large are the Contributions of Cities to the

Development of Rural Communities? A Market Access Approach for a Quarter Century of Evidence
from Chile. SSRN Electronic Journal . [Crossref]

415. Futoshi Narita, Rujun Yin. 2018. In Search of Information:. IMF Working Papers 18:286, 1. [Crossref]
416. Geoffrey Barrows, Teevrat Garg, Akshaya Jha. 2018. The Economic Benefits versus Environmental

Costs of India's Coal Fired Power Plants. SSRN Electronic Journal . [Crossref]
417. Thushyanthan Baskaran, Sebastian Blesse. 2018. Subnational Border Reforms and Economic

Development in Africa. SSRN Electronic Journal . [Crossref]
418. Areendam Chanda, Sujana Kabiraj. 2018. Shedding Light on Regional Growth and Convergence in

India. SSRN Electronic Journal . [Crossref]
419. Teuku Yuri M. Zagloel a, Romadhani Ardi b, Wahyu Poncotoyo. 2018. Six sigma implementation

model based on critical success factors (CSFs) for indonesian small and medium industries. MATEC
Web of Conferences 218, 04017. [Crossref]

420. Pablo Slutzky, Mauricio Villamizar‐Villegas, Tomas Williams. 2018. Drug Money and Firms: The
Unintended Consequences of Anti-Money Laundering Policies. SSRN Electronic Journal . [Crossref]

421. Sandra Rozo, Micaela Sviastchi. 2018. Are Refugees a Burden? Impacts of Refugee Inflows on Host's
Consumption Expenditures. SSRN Electronic Journal . [Crossref]

422. Bruno Barsanetti. 2018. Cities on Pre-Columbian Roads: Long-Run Persistence of Geography in
Brazil. SSRN Electronic Journal . [Crossref]

423. Bin Xie, Yan Liu. 2018. Visualizing Australia’s urban extent: a comparison between residential housing
addresses and night-time light data. Regional Studies, Regional Science 5:1, 365-368. [Crossref]

424. Ran Goldblatt, Klaus Deininger, Gordon Hanson. 2018. Utilizing publicly available satellite data
for urban research: Mapping built-up land cover and land use in Ho Chi Minh City, Vietnam.
Development Engineering 3, 83-99. [Crossref]

425. Kasey Buckles, Daniel M. Hungerman, Steven Lugauer. 2018. Is Fertility a Leading Economic
Indicator?. SSRN Electronic Journal . [Crossref]

426. Ping Liu, C. James Hueng. 2017. Measuring real business condition in China. China Economic Review
46, 261-274. [Crossref]

427. Arne Steinkraus. 2017. Investigating the effect of carbon leakage on the environmental Kuznets curve
using luminosity data. Environment and Development Economics 22:6, 747-770. [Crossref]

428. Ruiqi Li, Lei Dong, Jiang Zhang, Xinran Wang, Wen-Xu Wang, Zengru Di, H. Eugene Stanley.
2017. Simple spatial scaling rules behind complex cities. Nature Communications 8:1. . [Crossref]

429. Lei Dong, Sicong Chen, Yunsheng Cheng, Zhengwei Wu, Chao Li, Haishan Wu. 2017. Measuring
economic activity in China with mobile big data. EPJ Data Science 6:1. . [Crossref]

430. Mia M. Bennett, Laurence C. Smith. 2017. Using multitemporal night-time lights data to compare
regional development in Russia and China, 1992–2012. International Journal of Remote Sensing 38:21,
5962-5991. [Crossref]

https://doi.org/10.2139/ssrn.3262101
https://doi.org/10.2139/ssrn.3277200
https://doi.org/10.2139/ssrn.3285491
https://doi.org/10.2139/ssrn.3296085
https://doi.org/10.5089/9781484390177.001
https://doi.org/10.2139/ssrn.3281904
https://doi.org/10.2139/ssrn.3184208
https://doi.org/10.2139/ssrn.3308685
https://doi.org/10.1051/matecconf/201821804017
https://doi.org/10.2139/ssrn.3280294
https://doi.org/10.2139/ssrn.3276870
https://doi.org/10.2139/ssrn.3232390
https://doi.org/10.1080/21681376.2018.1526648
https://doi.org/10.1016/j.deveng.2018.03.001
https://doi.org/10.2139/ssrn.3151722
https://doi.org/10.1016/j.chieco.2017.10.004
https://doi.org/10.1017/S1355770X17000249
https://doi.org/10.1038/s41467-017-01882-w
https://doi.org/10.1140/epjds/s13688-017-0125-5
https://doi.org/10.1080/01431161.2017.1312035


431. Preeya Mohan, Eric Strobl. 2017. The short-term economic impact of tropical Cyclone Pam: an
analysis using VIIRS nightlight satellite imagery. International Journal of Remote Sensing 38:21,
5992-6006. [Crossref]

432. Leonardo R. Corral, Maja Schling. 2017. The impact of shoreline stabilization on economic growth
in small island developing states. Journal of Environmental Economics and Management 86, 210-228.
[Crossref]

433. B. Kelsey Jack. 2017. Environmental economics in developing countries: An introduction to the special
issue. Journal of Environmental Economics and Management 86, 1-7. [Crossref]

434. James F. Larson. 2017. Network-centric digital development in Korea: Origins, growth and prospects.
Telecommunications Policy 41:10, 916-930. [Crossref]

435. Dieter von Fintel, Eldridge Moses. 2017. Migration and gender in South Africa: Following bright
lights and the fortunes of others?. Regional Science Policy & Practice 9:4, 251-268. [Crossref]

436. Roland Hodler, Paul A. Raschky. 2017. Ethnic politics and the diffusion of mobile technology in
Africa. Economics Letters 159, 78-81. [Crossref]

437. Shimei Wu, Xinye Zheng, Chu Wei. 2017. Measurement of inequality using household energy
consumption data in rural China. Nature Energy 2:10, 795-803. [Crossref]

438. Rajesh Chandy, Magda Hassan, Prokriti Mukherji. 2017. Big Data for Good: Insights from Emerging
Markets*. Journal of Product Innovation Management 34:5, 703-713. [Crossref]

439. Gregory Brock, Vicente German-Soto. 2017. Regional industrial informality and efficiency in Mexico,
1990–2013. Journal of Policy Modeling 39:5, 928-941. [Crossref]

440. Pelle Ahlerup, Thushyanthan Baskaran, Arne Bigsten. 2017. Regional development and national
identity in sub-Saharan Africa. Journal of Comparative Economics 45:3, 622-643. [Crossref]

441. Zheye Wang, Xinyue Ye. 2017. Re-examining environmental Kuznets curve for China’s city-level
carbon dioxide ( CO 2 ) emissions. Spatial Statistics 21, 377-389. [Crossref]

442. Remi Jedwab, Edward Kerby, Alexander Moradi. 2017. History, Path Dependence and Development:
Evidence from Colonial Railways, Settlers and Cities In Kenya. The Economic Journal 127:603,
1467-1494. [Crossref]

443. Kun Qi, Yi’na Hu, Chengqi Cheng, Bo Chen. 2017. Transferability of Economy Estimation Based
on DMSP/OLS Night-Time Light. Remote Sensing 9:8, 786. [Crossref]

444. Xiwen Zhang, Jiansheng Wu, Jian Peng, Qiwen Cao. 2017. The Uncertainty of Nighttime Light Data
in Estimating Carbon Dioxide Emissions in China: A Comparison between DMSP-OLS and NPP-
VIIRS. Remote Sensing 9:8, 797. [Crossref]

445. Xing Meng, Ji Han, Cheng Huang. 2017. An Improved Vegetation Adjusted Nighttime Light Urban
Index and Its Application in Quantifying Spatiotemporal Dynamics of Carbon Emissions in China.
Remote Sensing 9:8, 829. [Crossref]

446. Nathaniel Baum-Snow, Matthew A. Turner. 2017. Transport Infrastructure and the Decentralization
of Cities in the People's Republic of China. Asian Development Review 34:2, 25-50. [Crossref]

447. Peter H. Egger, Gabriel Loumeau, Nicole Püschel. 2017. Natural City Growth in the People's Republic
of China. Asian Development Review 34:2, 51-85. [Crossref]

448. Toman Barsbai, Hillel Rapoport, Andreas Steinmayr, Christoph Trebesch. 2017. The Effect of
Labor Migration on the Diffusion of Democracy: Evidence from a Former Soviet Republic. American
Economic Journal: Applied Economics 9:3, 36-69. [Abstract] [View PDF article] [PDF with links]

449. David de la Croix, Paula E. Gobbi. 2017. Population density, fertility, and demographic convergence
in developing countries. Journal of Development Economics 127, 13-24. [Crossref]

https://doi.org/10.1080/01431161.2017.1323288
https://doi.org/10.1016/j.jeem.2017.06.001
https://doi.org/10.1016/j.jeem.2017.08.007
https://doi.org/10.1016/j.telpol.2017.03.007
https://doi.org/10.1111/rsp3.12106
https://doi.org/10.1016/j.econlet.2017.07.011
https://doi.org/10.1038/s41560-017-0003-1
https://doi.org/10.1111/jpim.12406
https://doi.org/10.1016/j.jpolmod.2017.07.002
https://doi.org/10.1016/j.jce.2016.02.001
https://doi.org/10.1016/j.spasta.2016.09.005
https://doi.org/10.1111/ecoj.12347
https://doi.org/10.3390/rs9080786
https://doi.org/10.3390/rs9080797
https://doi.org/10.3390/rs9080829
https://doi.org/10.1162/adev_a_00094
https://doi.org/10.1162/adev_a_00095
https://doi.org/10.1257/app.20150517
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20150517
http://pubs.aeaweb.org/doi/pdfplus/10.1257/app.20150517
https://doi.org/10.1016/j.jdeveco.2017.02.003


450. Wei Tang, Geoffrey J.D. Hewings. 2017. Do city-county mergers in China promote local economic
development?. Economics of Transition 25:3, 439-469. [Crossref]

451. Joao Paulo A. de Souza. 2017. Biased Technical Change in Agriculture and Industrial Growth.
Metroeconomica 68:3, 549-583. [Crossref]

452. Nathaniel Baum-Snow, Loren Brandt, J. Vernon Henderson, Matthew A. Turner, Qinghua Zhang.
2017. Roads, Railroads, and Decentralization of Chinese Cities. The Review of Economics and Statistics
99:3, 435-448. [Crossref]

453. Arcangelo Dimico. 2017. Size Matters: The Effect of the Size of Ethnic Groups on Development.
Oxford Bulletin of Economics and Statistics 79:3, 291-318. [Crossref]

454. Xiaobo Zhu, Mingguo Ma, Hong Yang, Wei Ge. 2017. Modeling the Spatiotemporal Dynamics of
Gross Domestic Product in China Using Extended Temporal Coverage Nighttime Light Data. Remote
Sensing 9:6, 626. [Crossref]

455. Sendhil Mullainathan, Jann Spiess. 2017. Machine Learning: An Applied Econometric Approach.
Journal of Economic Perspectives 31:2, 87-106. [Abstract] [View PDF article] [PDF with links]

456. Enze Han, Christopher Paik. 2017. Ethnic Integration and Development in China. World Development
93, 31-42. [Crossref]

457. Oasis Kodila-Tedika, Simplice A. Asongu, Florentin Azia-Dimbu. 2017. STATISTICS AND
INTELLIGENCE IN DEVELOPING COUNTRIES: A NOTE. Journal of Biosocial Science 49:3,
309-321. [Crossref]

458. Huyan Fu, Zhenfeng Shao, Peng Fu, Qimin Cheng. 2017. The Dynamic Analysis between Urban
Nighttime Economy and Urbanization Using the DMSP/OLS Nighttime Light Data in China from
1992 to 2012. Remote Sensing 9:5, 416. [Crossref]

459. Jamaica Corker. 2017. Fertility and Child Mortality in Urban West Africa: Leveraging Geo-Referenced
Data to Move Beyond the Urban/Rural Dichotomy. Population, Space and Place 23:3, e2009. [Crossref]

460. Mia M. Bennett, Laurence C. Smith. 2017. Advances in using multitemporal night-time lights satellite
imagery to detect, estimate, and monitor socioeconomic dynamics. Remote Sensing of Environment
192, 176-197. [Crossref]

461. Carl Henrik Knutsen, Andreas Kotsadam, Eivind Hammersmark Olsen, Tore Wig. 2017. Mining and
Local Corruption in Africa. American Journal of Political Science 61:2, 320-334. [Crossref]

462. Jeremy Proville, Daniel Zavala-Araiza, Gernot Wagner. 2017. Night-time lights: A global, long term
look at links to socio-economic trends. PLOS ONE 12:3, e0174610. [Crossref]

463. Ana I. Aguilera. How Urbanization Is Transforming Central America 27-64. [Crossref]
464. David Castells-Quintana. 2017. Malthus living in a slum: Urban concentration, infrastructure and

economic growth. Journal of Urban Economics 98, 158-173. [Crossref]
465. Matteo Cervellati, Elena Esposito, Uwe Sunde. 2017. LONG-TERM EXPOSURE TO MALARIA

AND DEVELOPMENT: DISAGGREGATE EVIDENCE FOR CONTEMPORANEOUS
AFRICA. Journal of Demographic Economics 83:1, 129-148. [Crossref]

466. Daniel C. Mattingly. 2017. Colonial Legacies and State Institutions in China. Comparative Political
Studies 50:4, 434-463. [Crossref]

467. Alice Nicole Sindzingre. 2017. Institutions as a Composite Concept: Explaining their Indeterminate
Relationships with Economic Outcomes. Journal of Contextual Economics 137:1-2, 5-29. [Crossref]

468. V.I. Lyalko, A.I. Sakhatsky, L.A. Elistratova, A.A. Аpostolov. 2017. APPLICATION OF NPP/
VIIRS NIGHT SATELLITE IMAGES FOR THE ASSESSMENT OF THE ECONOMIC
CRISIS IN THE EAST OF UKRAINE (DONETSK AND LUHANSK REGIONS). Visnik
Nacional'noi' academii' nauk Ukrai'ni :02, 48-53. [Crossref]

https://doi.org/10.1111/ecot.12118
https://doi.org/10.1111/meca.12135
https://doi.org/10.1162/REST_a_00660
https://doi.org/10.1111/obes.12145
https://doi.org/10.3390/rs9060626
https://doi.org/10.1257/jep.31.2.87
http://pubs.aeaweb.org/doi/pdf/10.1257/jep.31.2.87
http://pubs.aeaweb.org/doi/pdfplus/10.1257/jep.31.2.87
https://doi.org/10.1016/j.worlddev.2016.12.010
https://doi.org/10.1017/S0021932016000213
https://doi.org/10.3390/rs9050416
https://doi.org/10.1002/psp.2009
https://doi.org/10.1016/j.rse.2017.01.005
https://doi.org/10.1111/ajps.12268
https://doi.org/10.1371/journal.pone.0174610
https://doi.org/10.1596/978-1-4648-0985-9_ch1
https://doi.org/10.1016/j.jue.2016.02.003
https://doi.org/10.1017/dem.2016.27
https://doi.org/10.1177/0010414015600465
https://doi.org/10.3790/jce.137.1-2.5
https://doi.org/10.15407/visn2017.02.048


469. Punam Chuhan-Pole, Andrew L. Dabalen, Bryan Christopher Land, Michael Lewin, Aly Sanoh,
Gregory Smith, Anja Tolonen. Does Mining Reduce Agricultural Growth?: Evidence from Large-
Scale Gold Mining in Burkina Faso, Ghana, Mali, and Tanzania 147-173. [Crossref]

470. Thorben C. Kundt, Florian Misch, Birger Nerré. 2017. Re-assessing the merits of measuring tax
evasion through business surveys: an application of the crosswise model. International Tax and Public
Finance 24:1, 112-133. [Crossref]

471. Christian Lessmann, André Seidel. 2017. Regional inequality, convergence, and its determinants – A
view from outer space. European Economic Review 92, 110-132. [Crossref]

472. Matthias Flückiger, Markus Ludwig. 2017. Malaria suitability, urbanization and persistence: Evidence
from China over more than 2000 years. European Economic Review 92, 146-160. [Crossref]

473. Filippo Lechthaler. 2017. Economic growth and energy use during different stages of development:
an empirical analysis. Environment and Development Economics 22:1, 26-50. [Crossref]

474. K Wang, L Y Bai, J Z Feng. 2017. Urbanization Process Monitoring in Northwest China based
on DMSP/OLS Nighttime Light Data. IOP Conference Series: Earth and Environmental Science 57,
012057. [Crossref]

475. Zhaoxin Dai, Yunfeng Hu, Guanhua Zhao. 2017. The Suitability of Different Nighttime Light Data
for GDP Estimation at Different Spatial Scales and Regional Levels. Sustainability 9:2, 305. [Crossref]

476. Kiyoyasu Tanaka, Souknilanh Keola. 2017. Shedding Light on the Shadow Economy: A Nighttime
Light Approach. The Journal of Development Studies 53:1, 32-48. [Crossref]

477. Bianica Pires, Andrew T. Crooks. 2017. Modeling the emergence of riots: A geosimulation approach.
Computers, Environment and Urban Systems 61, 66-80. [Crossref]

478. J. Vernon Henderson, Adam Storeygard, Uwe Deichmann. 2017. Has climate change driven
urbanization in Africa?. Journal of Development Economics 124, 60-82. [Crossref]

479. Elizabeth Gooch. 2017. The impact of reduced incidence of malaria and other mosquito-borne diseases
on global population. Journal of Development Economics 124, 214-228. [Crossref]

480. Molly Lipscomb, Ahmed Mushfiq Mobarak. 2017. Decentralization and Pollution Spillovers: Evidence
from the Re-drawing of County Borders in Brazil. The Review of Economic Studies 84:1, 464-502.
[Crossref]

481. Ingmar Weber, Bogdan State. Digital Demography 935-939. [Crossref]
482. Andrew Head, Mélanie Manguin, Nhat Tran, Joshua E. Blumenstock. Can Human Development be

Measured with Satellite Imagery? 1-11. [Crossref]
483. Wongsa Laohasiriwong, Nattapong Puttanapong, Amornrat Luenam. 2017. A comparison of spatial

heterogeneity with local cluster detection methods for chronic respiratory diseases in Thailand.
F1000Research 6, 1819. [Crossref]

484. Emilio Depetris-Chauvin, mer zak. 2017. The Origins and Long-Run Consequences of the Division
of Labor. SSRN Electronic Journal . [Crossref]

485. Areendam Chanda, Dachao Ruan. 2017. Early Urbanization and the Persistence of Regional Disparities
within Countries. SSRN Electronic Journal . [Crossref]

486. Achim Kemmerling, Michael Neugart. 2017. The Emergence of Redistributive Pensions in the
Developing World. SSRN Electronic Journal . [Crossref]

487. Stephen D. Morris, Junjie Zhang. 2017. Validating China's Output Data Using Satellite Observations.
SSRN Electronic Journal . [Crossref]

488. Alexander D. Rothenberg, Samuel Bazzi, Shanthi Nataraj, Amalavoyal Chari. 2017. When Regional
Policies Fail: An Evaluation of Indonesia's Integrated Economic Development Zones. SSRN Electronic
Journal . [Crossref]

https://doi.org/10.1596/978-1-4648-0819-7_ch5
https://doi.org/10.1007/s10797-015-9373-0
https://doi.org/10.1016/j.euroecorev.2016.11.009
https://doi.org/10.1016/j.euroecorev.2016.12.006
https://doi.org/10.1017/S1355770X16000243
https://doi.org/10.1088/1755-1315/57/1/012057
https://doi.org/10.3390/su9020305
https://doi.org/10.1080/00220388.2016.1171845
https://doi.org/10.1016/j.compenvurbsys.2016.09.003
https://doi.org/10.1016/j.jdeveco.2016.09.001
https://doi.org/10.1016/j.jdeveco.2016.10.003
https://doi.org/10.1093/restud/rdw023
https://doi.org/10.1145/3041021.3051104
https://doi.org/10.1145/3136560.3136576
https://doi.org/10.12688/f1000research.12128.1
https://doi.org/10.2139/ssrn.2827328
https://doi.org/10.2139/ssrn.2909199
https://doi.org/10.2139/ssrn.2916086
https://doi.org/10.2139/ssrn.2920650
https://doi.org/10.2139/ssrn.2922254


489. Thomas McGregor, Samuel Wills. 2017. Surfing a Wave of Economic Growth. SSRN Electronic
Journal . [Crossref]

490. Andrea Guariso, Thorsten Rogall. 2017. Rainfall Inequality, Political Power, and Ethnic Conflict in
Africa. SSRN Electronic Journal . [Crossref]

491. Junyan Jiang, Jeremy Wallace. 2017. Informal Institutions and Authoritarian Information Systems:
Theory and Evidence from China. SSRN Electronic Journal . [Crossref]

492. Dimitris K. Chronopoulos, Sotiris Kampanelis, Daniel OtooPerallas, John O. S. Wilson. 2017.
Spreading Civilizations: Ancient Colonialism and Economic Development Along the Mediterranean.
SSRN Electronic Journal . [Crossref]

493. Crispin M. I. Smith, Vartan Shadarevian. 2017. Wilting in the Kurdish Sun: The Hopes and Fears
of Religious Minorities in Northern Iraq. SSRN Electronic Journal . [Crossref]

494. Carsten Herrmann-Pillath. 2017. Economics of the Anthropocene: An Exploratory Essay. SSRN
Electronic Journal . [Crossref]

495. Sisir Debnath, Mudit Kapoor, Shamika Ravi. 2017. The Impact of Electronic Voting Machines on
Electoral Frauds, Democracy, and Development. SSRN Electronic Journal . [Crossref]

496. Hua Cheng, Kishore Gawande. 2017. State Capacity and China's Economic Performance. SSRN
Electronic Journal . [Crossref]

497. David S. Blakeslee, Ritam Chaurey, Samreen Malik. 2017. Structural Transformation and Spillovers
from Industrial Areas. SSRN Electronic Journal . [Crossref]

498. Andres Giraldo, Manini Ojha. 2017. The Effect of Quality of Education on Crime: Evidence from
Colombia. SSRN Electronic Journal . [Crossref]

499. Luis R. Martinez. 2017. How Much Should We Trust the Dictator's GDP Estimates?. SSRN
Electronic Journal . [Crossref]

500. Alain mname Pholo Bala, Michel mname Tenikuu, Baraka Leonard mname Nafari. 2017. Market
Potential, Agglomeration Effects and the Location of French Firms in Africa. SSRN Electronic Journal
. [Crossref]

501. Nathaniel Young. 2017. Banking and Growth: Evidence From a Regression Discontinuity Analysis.
SSRN Electronic Journal . [Crossref]

502. Felipe Valencia Caicedo. 2017. The Mission: Human Capital Transmission, Economic Persistence and
Culture in South America. SSRN Electronic Journal . [Crossref]

503. Viktor Koziuk, Yuriy Hayda, Oksana Shymanska. 2017. URBAN-CENTRIC VIEW ON
ENVIRONMENTAL MEASUREMENT OF THE WELFARE OF THE STATE. Economic
Analysis :27(3), 37-48. [Crossref]

504. Jeff Y. Tsao, Jonathan J. Wierer, Lauren E.S. Rohwer, Michael E. Coltrin, Mary H. Crawford, Jerry
A. Simmons, Po-Chieh Hung, Harry Saunders, Dmitry S. Sizov, Raj Bhat, Chung-En Zah. Ultra-
Efficient Solid-State Lighting: Likely Characteristics, Economic Benefits, Technological Approaches
11-28. [Crossref]

505. Boris Gershman. 2017. Witchcraft Beliefs as a Cultural Legacy of the Atlantic Slave Trade: Evidence
from Two Continents. SSRN Electronic Journal . [Crossref]

506. Stefano Costalli, Luigi Moretti, Costantino Pischedda. 2017. The economic costs of civil war. Journal
of Peace Research 54:1, 80-98. [Crossref]

507. Wenjie Wu, Jianghao Wang. 2017. Gentrification effects of China’s urban village renewals. Urban
Studies 54:1, 214-229. [Crossref]

508. Sanjeev Bhojraj, Robert J. Bloomfield, Youngki Jang, Nir Yehuda. 2017. Cost Rigidity and CDS
Spreads. SSRN Electronic Journal 23. . [Crossref]

https://doi.org/10.2139/ssrn.2955476
https://doi.org/10.2139/ssrn.2961694
https://doi.org/10.2139/ssrn.2992165
https://doi.org/10.2139/ssrn.3004469
https://doi.org/10.2139/ssrn.3006445
https://doi.org/10.2139/ssrn.3024511
https://doi.org/10.2139/ssrn.3041197
https://doi.org/10.2139/ssrn.3048130
https://doi.org/10.2139/ssrn.3049617
https://doi.org/10.2139/ssrn.3060856
https://doi.org/10.2139/ssrn.3093296
https://doi.org/10.2139/ssrn.3097080
https://doi.org/10.2139/ssrn.3104632
https://doi.org/10.2139/ssrn.3347417
https://doi.org/10.35774/econa2017.03.037
https://doi.org/10.1007/978-981-10-3755-9_2
https://doi.org/10.2139/ssrn.3094478
https://doi.org/10.1177/0022343316675200
https://doi.org/10.1177/0042098016631905
https://doi.org/10.2139/ssrn.3238976


509. Simon Alder, Lin Shao, Fabrizio Zilibotti. 2016. Economic reforms and industrial policy in a panel
of Chinese cities. Journal of Economic Growth 21:4, 305-349. [Crossref]

510. Eamon Duede, Victor Zhorin. 2016. Convergence of economic growth and the Great Recession as
seen from a Celestial Observatory. EPJ Data Science 5:1. . [Crossref]

511. Li-Chen Chou, Chung-Yuan Fu. 2016. An empirical analysis of land property lawsuits and rainfalls.
SpringerPlus 5:1. . [Crossref]

512. Ruiting Zhai, Chuanrong Zhang, Weidong Li, Mark Boyer, Dean Hanink. 2016. Prediction of Land
Use Change in Long Island Sound Watersheds Using Nighttime Light Data. Land 5:4, 44. [Crossref]

513. Gregory Dobler, Masoud Ghandehari, Steven Koonin, Mohit Sharma. 2016. A Hyperspectral Survey
of New York City Lighting Technology. Sensors 16:12, 2047. [Crossref]

514. Ilkhom Sharipov. 2016. Exogenous vs Endogenous Growth in the EU’s EaP and Central Asian
Countries. Scientific Annals of Economics and Business 63:s1, 109-124. [Crossref]

515. Elisa Muzzini, Beatriz Eraso Puig, Sebastian Anapolsky, Tara Lonnberg, Viviana Mora. Back Matter:
Appendices A through C 407-421. [Crossref]

516. Elisa Muzzini, Beatriz Eraso Puig, Sebastian Anapolsky, Tara Lonnberg, Viviana Mora. Spatial
Economic Trends 103-152. [Crossref]

517. Elisa Muzzini, Beatriz Eraso Puig, Sebastian Anapolsky, Tara Lonnberg, Viviana Mora. Overview
1-47. [Crossref]

518. Dave Donaldson, Adam Storeygard. 2016. The View from Above: Applications of Satellite Data in
Economics. Journal of Economic Perspectives 30:4, 171-198. [Abstract] [View PDF article] [PDF with
links]

519. Haishan Yuan, Chuanqi Zhu. 2016. Shock and roam: Migratory responses to natural disasters.
Economics Letters 148, 37-40. [Crossref]

520. Pei Li, Yi Lu, Jin Wang. 2016. Does flattening government improve economic performance? Evidence
from China. Journal of Development Economics 123, 18-37. [Crossref]

521. Takuma Kunieda, Keisuke Okada, Akihisa Shibata. 2016. Corruption, Financial Development and
Economic Growth: Theory and Evidence From an Instrumental Variable Approach With Human
Genetic Diversity. Economic Notes 45:3, 353-392. [Crossref]

522. Dietrich Vollrath. 2016. Evolving Research on Growth and Development. Development Policy Review
34:6, 907-910. [Crossref]

523. Sylvain K Cibangu, Mark Hepworth. 2016. What ICT4D and information management researchers
can learn from Paul Otlet’s notion of development. Information Development 32:5, 1639-1656.
[Crossref]

524. Juan M. Villa. 2016. Social Transfers and Growth: Evidence from Luminosity Data. Economic
Development and Cultural Change 65:1, 39-61. [Crossref]

525. Thomas Barnebeck Andersen, Carl-Johan Dalgaard, Pablo Selaya. 2016. Climate and the Emergence
of Global Income Differences. The Review of Economic Studies 83:4, 1334-1363. [Crossref]

526. Ehizuelen Michael Mitchell Omoruyi. 2016. The Dragon's Goodwill: Examining China's External
Finance and African Leaders' Preferentialism. Journal of International Commerce, Economics and Policy
07:03, 1650017. [Crossref]

527. Samuel Bazzi, Arya Gaduh, Alexander D. Rothenberg, Maisy Wong. 2016. Skill Transferability,
Migration, and Development:Evidence from Population Resettlement in Indonesia. American
Economic Review 106:9, 2658-2698. [Abstract] [View PDF article] [PDF with links]

https://doi.org/10.1007/s10887-016-9131-x
https://doi.org/10.1140/epjds/s13688-016-0091-3
https://doi.org/10.1186/s40064-015-1659-2
https://doi.org/10.3390/land5040044
https://doi.org/10.3390/s16122047
https://doi.org/10.1515/saeb-2016-0138
https://doi.org/10.1596/978-1-4648-0840-1_bm
https://doi.org/10.1596/978-1-4648-0840-1_ch4
https://doi.org/10.1596/978-1-4648-0840-1_ov
https://doi.org/10.1257/jep.30.4.171
http://pubs.aeaweb.org/doi/pdf/10.1257/jep.30.4.171
http://pubs.aeaweb.org/doi/pdfplus/10.1257/jep.30.4.171
http://pubs.aeaweb.org/doi/pdfplus/10.1257/jep.30.4.171
https://doi.org/10.1016/j.econlet.2016.09.020
https://doi.org/10.1016/j.jdeveco.2016.07.002
https://doi.org/10.1111/ecno.12061
https://doi.org/10.1111/dpr.12175
https://doi.org/10.1177/0266666915618440
https://doi.org/10.1086/687548
https://doi.org/10.1093/restud/rdw006
https://doi.org/10.1142/S1793993316500174
https://doi.org/10.1257/aer.20141781
http://pubs.aeaweb.org/doi/pdf/10.1257/aer.20141781
http://pubs.aeaweb.org/doi/pdfplus/10.1257/aer.20141781


528. Hongjia Zhu, Yongheng Deng, Rong Zhu, Xiaobo He. 2016. Fear of nuclear power? Evidence from
Fukushima nuclear accident and land markets in China. Regional Science and Urban Economics 60,
139-154. [Crossref]

529. N. Jean, M. Burke, M. Xie, W. M. Davis, D. B. Lobell, S. Ermon. 2016. Combining satellite imagery
and machine learning to predict poverty. Science 353:6301, 790-794. [Crossref]

530. J. E. Blumenstock. 2016. Fighting poverty with data. Science 353:6301, 753-754. [Crossref]
531. Xi Chen. 2016. Addressing Measurement Error Bias in GDP with Nighttime Lights and an

Application to Infant Mortality with Chinese County Data. Sociological Methodology 46:1, 319-344.
[Crossref]

532. Márcio Poletti Laurini. 2016. Income Estimation Using Night Luminosity: A Continuous Spatial
Model. Spatial Demography 4:2, 83-115. [Crossref]

533. Verena Kroth, Valentino Larcinese, Joachim Wehner. 2016. A Better Life for All? Democratization
and Electrification in Post-Apartheid South Africa. The Journal of Politics 78:3, 774-791. [Crossref]

534. Adam Storeygard. 2016. Farther on down the Road: Transport Costs, Trade and Urban Growth in
Sub-Saharan Africa. The Review of Economic Studies 83:3, 1263-1295. [Crossref]

535. Marcel Fafchamps, Michael Koelle, Forhad Shilpi. 2016. Gold mining and proto-urbanization: recent
evidence from Ghana. Journal of Economic Geography 5, lbw015. [Crossref]

536. Weihe Wendy Guan, Kang Wu, Fei Carnes. 2016. Modeling spatiotemporal pattern of agriculture-
feasible land in China. Transactions in GIS 20:3, 426-447. [Crossref]

537. Peter Van der Windt, Macartan Humphreys. 2016. Crowdseeding in Eastern Congo. Journal of Conflict
Resolution 60:4, 748-781. [Crossref]

538. Wenjie Wu, Jianghao Wang, Tianshi Dai. 2016. The Geography of Cultural Ties and Human
Mobility: Big Data in Urban Contexts. Annals of the American Association of Geographers 106:3,
612-630. [Crossref]

539. Frank Bickenbach, Eckhardt Bode, Peter Nunnenkamp, Mareike Söder. 2016. Night lights and
regional GDP. Review of World Economics 152:2, 425-447. [Crossref]

540. Min Zhao, Weiming Cheng, Qiangyi Liu, Nan Wang. 2016. Spatiotemporal measurement of
urbanization levels based on multiscale units: A case study of the Bohai Rim Region in China. Journal
of Geographical Sciences 26:5, 531-548. [Crossref]

541. Boris Gershman. 2016. Witchcraft beliefs and the erosion of social capital: Evidence from Sub-Saharan
Africa and beyond. Journal of Development Economics 120, 182-208. [Crossref]

542. Michael Brei, Agustín Pérez-Barahona, Eric Strobl. 2016. Environmental pollution and biodiversity:
Light pollution and sea turtles in the Caribbean. Journal of Environmental Economics and Management
77, 95-116. [Crossref]

543. Martin Brown, Benjamin Guin, Karolin Kirschenmann. 2016. Microfinance Banks and Financial
Inclusion *. Review of Finance 20:3, 907-946. [Crossref]

544. William C. Horrace, Shawn M. Rohlin. 2016. How Dark Is Dark? Bright Lights, Big City, Racial
Profiling. Review of Economics and Statistics 98:2, 226-232. [Crossref]

545. Maxim Pinkovskiy, Xavier Sala-i-Martin. 2016. Lights, Camera … Income! Illuminating the National
Accounts-Household Surveys Debate *. The Quarterly Journal of Economics 131:2, 579-631. [Crossref]

546. N A Rybnikova, A Haim, B A Portnov. 2016. Does artificial light-at-night exposure contribute to
the worldwide obesity pandemic?. International Journal of Obesity 40:5, 815-823. [Crossref]

547. M. Burke, M. Craxton, C. D. Kolstad, C. Onda, H. Allcott, E. Baker, L. Barrage, R. Carson, K.
Gillingham, J. Graff-Zivin, M. Greenstone, S. Hallegatte, W. M. Hanemann, G. Heal, S. Hsiang, B.
Jones, D. L. Kelly, R. Kopp, M. Kotchen, R. Mendelsohn, K. Meng, G. Metcalf, J. Moreno-Cruz, R.

https://doi.org/10.1016/j.regsciurbeco.2016.06.008
https://doi.org/10.1126/science.aaf7894
https://doi.org/10.1126/science.aah5217
https://doi.org/10.1177/0081175016654737
https://doi.org/10.1007/s40980-016-0018-4
https://doi.org/10.1086/685451
https://doi.org/10.1093/restud/rdw020
https://doi.org/10.1093/jeg/lbw015
https://doi.org/10.1111/tgis.12225
https://doi.org/10.1177/0022002714553104
https://doi.org/10.1080/00045608.2015.1121804
https://doi.org/10.1007/s10290-016-0246-0
https://doi.org/10.1007/s11442-016-1284-1
https://doi.org/10.1016/j.jdeveco.2015.11.005
https://doi.org/10.1016/j.jeem.2016.02.003
https://doi.org/10.1093/rof/rfv026
https://doi.org/10.1162/REST_a_00543
https://doi.org/10.1093/qje/qjw003
https://doi.org/10.1038/ijo.2015.255


Pindyck, S. Rose, I. Rudik, J. Stock, R. S. J. Tol. 2016. Opportunities for advances in climate change
economics. Science 352:6283, 292-293. [Crossref]

548. Sebastian Axbard. 2016. Income Opportunities and Sea Piracy in Indonesia: Evidence from Satellite
Data. American Economic Journal: Applied Economics 8:2, 154-194. [Abstract] [View PDF article]
[PDF with links]

549. Luisito Bertinelli, Preeya Mohan, Eric Strobl. 2016. Hurricane damage risk assessment in the
Caribbean: An analysis using synthetic hurricane events and nightlight imagery. Ecological Economics
124, 135-144. [Crossref]

550. Sanghamitra Bandyopadhyay, Elliott Green. 2016. Precolonial Political Centralization and
Contemporary Development in Uganda. Economic Development and Cultural Change 64:3, 471-508.
[Crossref]

551. 2016. Publisher's note on Malthus living in a slum: Urban concentration, infrastructure and economic
growth by David Castells-Quintana. Journal of Urban Economics 92, 31-47. [Crossref]

552. Yu Qin, Hongjia Zhu, Rong Zhu. 2016. Changes in the distribution of land prices in urban China
during 2007–2012. Regional Science and Urban Economics 57, 77-90. [Crossref]

553. Stephen Broadberry, Leigh Gardner. 2016. ECONOMIC DEVELOPMENT IN AFRICA AND
EUROPE: RECIPROCAL COMPARISONS. Revista de Historia Económica / Journal of Iberian and
Latin American Economic History 34:1, 11-37. [Crossref]

554. XIAOHONG HE, XI CHEN. 2016. EMPIRICAL EFFECTS OF ENTREPRENEURSHIP ON
REGIONAL DEVELOPMENT: A CHINESE LOCAL PERSPECTIVE. Journal of Developmental
Entrepreneurship 21:01, 1650003. [Crossref]

555. Artur Hugon, Alok Kumar, An-Ping Lin. 2016. Analysts, Macroeconomic News, and the Benefit of
Active In-House Economists. The Accounting Review 91:2, 513-534. [Crossref]

556. Ralph De Haas, Milena Djourelova, Elena Nikolova. 2016. The Great Recession and social
preferences: Evidence from Ukraine. Journal of Comparative Economics 44:1, 92-107. [Crossref]

557. Deren Li, Xia Zhao, Xi Li. 2016. Remote sensing of human beings – a perspective from nighttime
light. Geo-spatial Information Science 19:1, 69-79. [Crossref]

558. Xi Chen. Using Nighttime Lights Data as a Proxy in Social Scientific Research 301-323. [Crossref]
559. C.I. Jones. The Facts of Economic Growth 3-69. [Crossref]
560. Katrine Grace Turner, Sharolyn Anderson, Mauricio Gonzales-Chang, Robert Costanza, Sasha

Courville, Tommy Dalgaard, Estelle Dominati, Ida Kubiszewski, Sue Ogilvy, Luciana Porfirio,
Nazmun Ratna, Harpinder Sandhu, Paul C. Sutton, Jens-Christian Svenning, Graham Mark Turner,
Yann-David Varennes, Alexey Voinov, Stephen Wratten. 2016. A review of methods, data, and models
to assess changes in the value of ecosystem services from land degradation and restoration. Ecological
Modelling 319, 190-207. [Crossref]

561. Jeroen Klomp. 2016. Economic development and natural disasters: A satellite data analysis. Global
Environmental Change 36, 67-88. [Crossref]

562. Patrick Doupe, Emilie Bruzelius, James Faghmous, Samuel G. Ruchman. Equitable development
through deep learning 1-10. [Crossref]

563. Ajay Shenoy. 2016. Regional Development Through Place-Based Policies: Evidence from a Spatial
Discontinuity. SSRN Electronic Journal . [Crossref]

564. Emilio Depetris-Chauvin, mer zak. 2016. Population Diversity, Division of Labor and Comparative
Development. SSRN Electronic Journal . [Crossref]

565. Sandra V. Rozo. 2016. Explaining the Heterogeneous Effects of Natural Resources on Local Economic
Development. SSRN Electronic Journal . [Crossref]

https://doi.org/10.1126/science.aad9634
https://doi.org/10.1257/app.20140404
http://pubs.aeaweb.org/doi/pdf/10.1257/app.20140404
http://pubs.aeaweb.org/doi/pdfplus/10.1257/app.20140404
https://doi.org/10.1016/j.ecolecon.2016.02.004
https://doi.org/10.1086/685410
https://doi.org/10.1016/j.jue.2015.12.001
https://doi.org/10.1016/j.regsciurbeco.2016.02.002
https://doi.org/10.1017/S0212610915000348
https://doi.org/10.1142/S1084946716500035
https://doi.org/10.2308/accr-51151
https://doi.org/10.1016/j.jce.2015.10.007
https://doi.org/10.1080/10095020.2016.1159389
https://doi.org/10.1007/978-3-319-22810-5_15
https://doi.org/10.1016/bs.hesmac.2016.03.002
https://doi.org/10.1016/j.ecolmodel.2015.07.017
https://doi.org/10.1016/j.gloenvcha.2015.11.001
https://doi.org/10.1145/3001913.3001921
https://doi.org/10.2139/ssrn.2738969
https://doi.org/10.2139/ssrn.2759121
https://doi.org/10.2139/ssrn.2793663


566. Ting Chen, James Kai-Sing Kung, Chicheng Ma. 2016. Long Live Keju! The Persistent Effects of
China's Imperial Examination System. SSRN Electronic Journal . [Crossref]

567. Filipe R. Campante. 2016. Long-Range Growth: Economic Development in the Global Network of
Air Links. SSRN Electronic Journal . [Crossref]

568. Boris Gershman. 2016. Subnational Diversity in Sub-Saharan Africa: Insights from a New Dataset.
SSRN Electronic Journal . [Crossref]

569. Elizabeth Gooch, Jorge Martinez-Vazquez. 2016. A Superior Instrument for the Role of Institutional
Quality on Economic Development. SSRN Electronic Journal . [Crossref]

570. Seda Basihos. 2016. Nightlights as a Development Indicator: The Estimation of Gross Provincial
Product (GPP) in Turkey. SSRN Electronic Journal . [Crossref]

571. Axel Dreher, Andreas Fuchs, Roland Hodler, Bradley Parks, Paul A. Raschky, Michael J. Tierney.
2016. Aid on Demand: African Leaders and the Geography of China's Foreign Assistance. SSRN
Electronic Journal . [Crossref]

572. Carsten Herrmann-Pillath. 2016. Constitutive Explanations as a Methodological Framework for
Integrating Thermodynamics and Economics. Entropy 18:1, 18. [Crossref]

573. Sylvain K. Cibangu. The Contribution(s) of Modernization Theory to ICT4D Research 1-24.
[Crossref]

574. Ron Mahabir, Andrew Crooks, Arie Croitoru, Peggy Agouris. 2016. The study of slums as social
and physical constructs: challenges and emerging research opportunities. Regional Studies, Regional
Science 3:1, 399-419. [Crossref]

575. Randolph Kent. 2015. The future of warfare: Are we ready?. International Review of the Red Cross
97:900, 1341-1378. [Crossref]

576. Xintong Li, Xinran Wang, Jiang Zhang, Lingfei Wu. 2015. Allometric scaling, size distribution and
pattern formation of natural cities. Palgrave Communications 1:1. . [Crossref]

577. Achim Ahrens. 2015. Civil Conflicts, Economic Shocks and Night-time Lights. Peace Economics,
Peace Science and Public Policy 21:4, 433-444. [Crossref]

578. J. Blumenstock, G. Cadamuro, R. On. 2015. Predicting poverty and wealth from mobile phone
metadata. Science 350:6264, 1073-1076. [Crossref]

579. Peter Ellis, Mark Roberts. Spatial Patterns of Subnational Performance and Urban Growth 43-76.
[Crossref]

580. Hasi Bagan, Yoshiki Yamagata. 2015. Analysis of urban growth and estimating population density
using satellite images of nighttime lights and land-use and population data. GIScience & Remote
Sensing 52:6, 765-780. [Crossref]

581. Matthew E. Kahn, Pei Li, Daxuan Zhao. 2015. Water Pollution Progress at Borders: The Role of
Changes in China's Political Promotion Incentives. American Economic Journal: Economic Policy 7:4,
223-242. [Abstract] [View PDF article] [PDF with links]

582. Maria Francisca Archila Bustos, Ola Hall, Magnus Andersson. 2015. Nighttime lights and population
changes in Europe 1992–2012. Ambio 44:7, 653-665. [Crossref]

583. Carsten Herrmann-Pillath. 2015. Energy, growth, and evolution: Towards a naturalistic ontology of
economics. Ecological Economics 119, 432-442. [Crossref]

584. Souleymane Soumahoro. 2015. Leadership favouritism in Africa. Applied Economics Letters 22:15,
1236-1239. [Crossref]

585. Shalina Mehta, Sarbjeet Singh. 2015. Loss of Ownership of Land and Social Displacement.
International Journal of Rural Management 11:2, 111-129. [Crossref]

https://doi.org/10.2139/ssrn.2793790
https://doi.org/10.2139/ssrn.2840837
https://doi.org/10.2139/ssrn.2851565
https://doi.org/10.2139/ssrn.2863262
https://doi.org/10.2139/ssrn.2885518
https://doi.org/10.2139/ssrn.2900351
https://doi.org/10.3390/e18010018
https://doi.org/10.4018/978-1-5225-0556-3.ch001
https://doi.org/10.1080/21681376.2016.1229130
https://doi.org/10.1017/S1816383116000412
https://doi.org/10.1057/palcomms.2015.17
https://doi.org/10.1515/peps-2015-0013
https://doi.org/10.1126/science.aac4420
https://doi.org/10.1596/978-1-4648-0662-9_ch2
https://doi.org/10.1080/15481603.2015.1072400
https://doi.org/10.1257/pol.20130367
http://pubs.aeaweb.org/doi/pdf/10.1257/pol.20130367
http://pubs.aeaweb.org/doi/pdfplus/10.1257/pol.20130367
https://doi.org/10.1007/s13280-015-0646-8
https://doi.org/10.1016/j.ecolecon.2014.11.014
https://doi.org/10.1080/13504851.2015.1021451
https://doi.org/10.1177/0973005215601774


586. Huimin Xu, Hutao Yang, Xi Li, Huiran Jin, Deren Li. 2015. Multi-Scale Measurement of Regional
Inequality in Mainland China during 2005–2010 Using DMSP/OLS Night Light Imagery and
Population Density Grid Data. Sustainability 7:10, 13469-13499. [Crossref]

587. Naijun Zhou, Klaus Hubacek, Mark Roberts. 2015. Analysis of spatial patterns of urban growth across
South Asia using DMSP-OLS nighttime lights data. Applied Geography 63, 292-303. [Crossref]

588. Raufhon Salahodjaev, Sardor Azam. 2015. Intelligence and gender (in)equality: Empirical evidence
from developing countries. Intelligence 52, 97-103. [Crossref]

589. Nonso Obikili. 2015. An Examination of Subnational Growth in Nigeria: 1999-2012. South African
Journal of Economics 83:3, 335-356. [Crossref]

590. Li Zhuo, Jing Zheng, Xiaofan Zhang, Jun Li, Lin Liu. 2015. An improved method of night-time
light saturation reduction based on EVI. International Journal of Remote Sensing 36:16, 4114-4130.
[Crossref]

591. Andrew M. Linke, John O'Loughlin. Spatial Analysis 187-205. [Crossref]
592. Kurt Schmidheiny, Jens Suedekum. 2015. The pan-European population distribution across

consistently defined functional urban areas. Economics Letters 133, 10-13. [Crossref]
593. Ruixue Jia, Masayuki Kudamatsu, David Seim. 2015. POLITICAL SELECTION IN CHINA:

THE COMPLEMENTARY ROLES OF CONNECTIONS AND PERFORMANCE. Journal of the
European Economic Association 13:4, 631-668. [Crossref]

594. Christopher S. P. Magee, John A. Doces. 2015. Reconsidering Regime Type and Growth: Lies,
Dictatorships, and Statistics. International Studies Quarterly 59:2, 223-237. [Crossref]

595. Jameson L. Toole, Yu-Ru Lin, Erich Muehlegger, Daniel Shoag, Marta C. González, David Lazer.
2015. Tracking employment shocks using mobile phone data. Journal of The Royal Society Interface
12:107, 20150185. [Crossref]

596. Matthias Flückiger, Markus Ludwig. 2015. Economic shocks in the fisheries sector and maritime
piracy. Journal of Development Economics 114, 107-125. [Crossref]

597. J.-F. Maystadt, M. Calderone, L. You. 2015. Local warming and violent conflict in North and South
Sudan. Journal of Economic Geography 15:3, 649-671. [Crossref]

598. Peter Richards, Heitor Pellegrina, Leah VanWey, Stephanie Spera. 2015. Soybean Development: The
Impact of a Decade of Agricultural Change on Urban and Economic Growth in Mato Grosso, Brazil.
PLOS ONE 10:4, e0122510. [Crossref]

599. Leticia Arroyo Abad, Kareem Khalifa. 2015. What are stylized facts?. Journal of Economic Methodology
22:2, 143-156. [Crossref]

600. Xi Chen. 2015. Explaining Subnational Infant Mortality and Poverty Rates: What Can We Learn
from Night-Time Lights?. Spatial Demography 3:1, 27-53. [Crossref]

601. Xi Chen, William Nordhaus. 2015. A Test of the New VIIRS Lights Data Set: Population and
Economic Output in Africa. Remote Sensing 7:4, 4937-4947. [Crossref]

602. Carl-Johan Dalgaard, Holger Strulik. 2015. The physiological foundations of the wealth of nations.
Journal of Economic Growth 20:1, 37-73. [Crossref]

603. Raufhon Salahodjaev. 2015. Intelligence and shadow economy: A cross-country empirical assessment.
Intelligence 49, 129-133. [Crossref]

604. Souknilanh Keola, Magnus Andersson, Ola Hall. 2015. Monitoring Economic Development from
Space: Using Nighttime Light and Land Cover Data to Measure Economic Growth. World
Development 66, 322-334. [Crossref]

https://doi.org/10.3390/su71013469
https://doi.org/10.1016/j.apgeog.2015.06.016
https://doi.org/10.1016/j.intell.2015.08.002
https://doi.org/10.1111/saje.12087
https://doi.org/10.1080/01431161.2015.1073861
https://doi.org/10.1002/9781118725771.ch15
https://doi.org/10.1016/j.econlet.2015.05.013
https://doi.org/10.1111/jeea.12124
https://doi.org/10.1111/isqu.12143
https://doi.org/10.1098/rsif.2015.0185
https://doi.org/10.1016/j.jdeveco.2014.12.003
https://doi.org/10.1093/jeg/lbu033
https://doi.org/10.1371/journal.pone.0122510
https://doi.org/10.1080/1350178X.2015.1024878
https://doi.org/10.1007/s40980-015-0009-x
https://doi.org/10.3390/rs70404937
https://doi.org/10.1007/s10887-015-9112-5
https://doi.org/10.1016/j.intell.2015.01.010
https://doi.org/10.1016/j.worlddev.2014.08.017


605. Stelios Michalopoulos, Elias Papaioannou. 2015. On the Ethnic Origins of African Development:
Chiefs and Precolonial Political Centralization. Academy of Management Perspectives 29:1, 32-71.
[Crossref]

606. Marius Brülhart, Sam Bucovetsky, Kurt Schmidheiny. Taxes in Cities 1123-1196. [Crossref]
607. Stephen J. Redding, Matthew A. Turner. Transportation Costs and the Spatial Organization of

Economic Activity 1339-1398. [Crossref]
608. Stelios Michalopoulos, Elias Papaioannou. 2015. Further evidence on the link between pre-colonial

political centralization and comparative economic development in Africa. Economics Letters 126, 57-62.
[Crossref]

609. James Fenske, Namrata Kala. 2015. Climate and the slave trade. Journal of Development Economics
112, 19-32. [Crossref]

610. Bhartendu Pandey, Karen C. Seto. 2015. Urbanization and agricultural land loss in India: Comparing
satellite estimates with census data. Journal of Environmental Management 148, 53-66. [Crossref]

611. Marcus H. Böhme, Ruth Persian, Tobias Stöhr. 2015. Alone but better off? Adult child migration
and health of elderly parents in Moldova. Journal of Health Economics 39, 211-227. [Crossref]

612. William Nordhaus, Xi Chen. 2015. A sharper image? Estimates of the precision of nighttime lights
as a proxy for economic statistics. Journal of Economic Geography 15:1, 217-246. [Crossref]

613. Paul Collier. 2015. Development economics in retrospect and prospect. Oxford Review of Economic
Policy 31:2, 242-258. [Crossref]

614. Axel Dreher, Steffen Lohmann. 2015. Aid and growth at the regional level. Oxford Review of Economic
Policy 31:3-4, 420-446. [Crossref]

615. Christopher Adam, Ugo Panizza, Andrea Presbitero, David Vines. 2015. Financing for development:
editors’ introduction. Oxford Review of Economic Policy 31:3-4, 259-267. [Crossref]

616. Eric Strobl, Marie-Anne Valfort. 2015. The Effect of Weather-Induced Internal Migration on Local
Labor Markets. Evidence from Uganda. The World Bank Economic Review 29:2, 385-412. [Crossref]

617. Rosa C. Hayes, Masami Imai, Cameron A. Shelton. 2015. ATTRIBUTION ERROR IN
ECONOMIC VOTING: EVIDENCE FROM TRADE SHOCKS. Economic Inquiry 53:1, 258-275.
[Crossref]

618. Thushyanthan Baskaran. 2015. Tax Mimicking in the Short- and the Long-Run: Evidence from
German Reunification. SSRN Electronic Journal . [Crossref]

619. Lyu Changjiang, Wang Kemin, Frank Zhang, Zhang Xin. 2015. GDP Management to Meet or Beat
Growth Targets. SSRN Electronic Journal . [Crossref]

620. Boris Gershman. 2015. Witchcraft Beliefs and the Erosion of Trust: Evidence from Sub-Saharan
Africa and Beyond. SSRN Electronic Journal . [Crossref]

621. Mariana Lopes da Fonseca, Thushyanthan Baskaran. 2015. Re-Evaluating the Economic Costs of
Conflicts. SSRN Electronic Journal . [Crossref]

622. Junyan Jiang, Muyang Zhang. 2015. Friends with Benefits: Patronage Politics and Distributive
Strategies in China. SSRN Electronic Journal . [Crossref]

623. Fabian Wahl. 2015. The Long Shadow of History. Roman Legacy and Economic Development --
Evidence from the German Limes. SSRN Electronic Journal . [Crossref]

624. Oasis Kodila-Tedika, Simplice A. Asongu, Florentin Azia-Dimbu. 2015. Statistics and IQ in
Developing Countries: A Note. SSRN Electronic Journal . [Crossref]

625. Ralph <!>de Haas, Milena Djourelova, Elena Nikolova. 2015. The Great Recession and Social
Preferences: Evidence from Ukraine. SSRN Electronic Journal . [Crossref]

https://doi.org/10.5465/amp.2012.0162
https://doi.org/10.1016/B978-0-444-59531-7.00017-X
https://doi.org/10.1016/B978-0-444-59531-7.00020-X
https://doi.org/10.1016/j.econlet.2014.10.017
https://doi.org/10.1016/j.jdeveco.2014.10.001
https://doi.org/10.1016/j.jenvman.2014.05.014
https://doi.org/10.1016/j.jhealeco.2014.09.001
https://doi.org/10.1093/jeg/lbu010
https://doi.org/10.1093/oxrep/grv013
https://doi.org/10.1093/oxrep/grv026
https://doi.org/10.1093/oxrep/grv034
https://doi.org/10.1093/wber/lht029
https://doi.org/10.1111/ecin.12116
https://doi.org/10.2139/ssrn.2559295
https://doi.org/10.2139/ssrn.2579824
https://doi.org/10.2139/ssrn.2590123
https://doi.org/10.2139/ssrn.2613385
https://doi.org/10.2139/ssrn.2625883
https://doi.org/10.2139/ssrn.2634348
https://doi.org/10.2139/ssrn.2661437
https://doi.org/10.2139/ssrn.2665121


626. Emilio Depetris-Chauvin, mer zak. 2015. Population Diversity, Division of Labor and the Emergence
of Trade and State. SSRN Electronic Journal . [Crossref]

627. Philipp Ager, Casper Worm Hansen, Lars LLnstrup. 2015. Shaking Up the Equilibrium: Natural
Disasters, Immigration and Economic Geography. SSRN Electronic Journal . [Crossref]

628. Sandra V. Rozo. 2015. Is Murder Bad for Business? Evidence from Colombia. SSRN Electronic Journal
. [Crossref]

629. Lisa Sofie Hoeckel, Manuel Santos Silva, Tobias Stoehr. 2015. Can Parental Migration Reduce Petty
Corruption in Education?. SSRN Electronic Journal . [Crossref]

630. Carsten Herrmann-Pillath. 2015. Constitutive Explanations as a Methodological Framework for
Integrating Thermodynamics and Economics. SSRN Electronic Journal . [Crossref]

631. Axel Dreher, Steffen Lohmann. 2015. Aid and Growth at the Regional Level. IMF Working Papers
15:196, 1. [Crossref]

632. Charles Abuka, Ronnie Alinda, Camelia Minoiu, José-Luis Peydró, Andrea Presbitero. 2015.
Monetary Policy in a Developing Country: Loan Applications and Real Effects. IMF Working Papers
15:270, 1. [Crossref]

633. Fabio B. Gaertner, Asad Kausar, Logan B. Steele. 2015. The Usefulness of Negative Aggregate
Earnings Changes in Predicting Future Gross Domestic Product Growth. SSRN Electronic Journal
. [Crossref]

634. Juan Chen, Shuo Chen, Pierre F. Landry, Deborah S. Davis. 2014. How Dynamics of Urbanization
Affect Physical and Mental Health in Urban China. The China Quarterly 220, 988-1011. [Crossref]

635. Peter Cauwels, Nicola Pestalozzi, Didier Sornette. 2014. Dynamics and spatial distribution of global
nighttime lights. EPJ Data Science 3:1. . [Crossref]

636. T. Akinlo, O. T. Apanisile. 2014. Electricity and economic growth in Sub-Saharan Africa: Evidence
from panel data. International Journal of Energy and Statistics 02:04, 301-312. [Crossref]

637. Alex Trew. 2014. Spatial takeoff in the first industrial revolution. Review of Economic Dynamics 17:4,
707-725. [Crossref]

638. Jiansheng Wu, Lin Ma, Weifeng Li, Jian Peng, Hao Liu. 2014. Dynamics of Urban Density in China:
Estimations Based on DMSP/OLS Nighttime Light Data. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing 7:10, 4266-4275. [Crossref]

639. Brian Min, Kwawu Gaba. 2014. Tracking Electrification in Vietnam Using Nighttime Lights. Remote
Sensing 6:10, 9511-9529. [Crossref]

640. Lin Ma, Jiansheng Wu, Weifeng Li, Jian Peng, Hao Liu. 2014. Evaluating Saturation Correction
Methods for DMSP/OLS Nighttime Light Data: A Case Study from China’s Cities. Remote Sensing
6:10, 9853-9872. [Crossref]

641. Nicola Gennaioli, Rafael La Porta, Florencio Lopez De Silanes, Andrei Shleifer. 2014. Growth in
regions. Journal of Economic Growth 19:3, 259-309. [Crossref]

642. Thomas Barnebeck Andersen, Mikkel Barslund, Casper Worm Hansen, Thomas Harr, Peter Sandholt
Jensen. 2014. How much did China's WTO accession increase economic growth in resource-rich
countries?. China Economic Review 30, 16-26. [Crossref]

643. Roland Hodler, Paul A. Raschky. 2014. Economic shocks and civil conflict at the regional level.
Economics Letters 124:3, 530-533. [Crossref]

644. XIAOBO LÜ, PIERRE F. LANDRY. 2014. Show Me the Money: Interjurisdiction Political
Competition and Fiscal Extraction in China. American Political Science Review 108:3, 706-722.
[Crossref]

https://doi.org/10.2139/ssrn.2679382
https://doi.org/10.2139/ssrn.2680089
https://doi.org/10.2139/ssrn.2690075
https://doi.org/10.2139/ssrn.2721691
https://doi.org/10.2139/ssrn.2727702
https://doi.org/10.5089/9781513514437.001
https://doi.org/10.5089/9781513529813.001
https://doi.org/10.2139/ssrn.2656597
https://doi.org/10.1017/S0305741014001465
https://doi.org/10.1140/epjds19
https://doi.org/10.1142/S2335680414500203
https://doi.org/10.1016/j.red.2014.01.002
https://doi.org/10.1109/JSTARS.2014.2367131
https://doi.org/10.3390/rs6109511
https://doi.org/10.3390/rs6109853
https://doi.org/10.1007/s10887-014-9105-9
https://doi.org/10.1016/j.chieco.2014.05.001
https://doi.org/10.1016/j.econlet.2014.07.027
https://doi.org/10.1017/S0003055414000252


645. Wenze Yue, Jiabin Gao, Xuchao Yang. 2014. Estimation of Gross Domestic Product Using Multi-
Sensor Remote Sensing Data: A Case Study in Zhejiang Province, East China. Remote Sensing 6:8,
7260-7275. [Crossref]

646. Oasis Kodila-Tedika. 2014. Africa's statistical tragedy: best statistics, best government effectiveness.
International Journal of Development Issues 13:2, 171-178. [Crossref]

647. TIMOTHY BESLEY, MARTA REYNAL-QUEROL. 2014. The Legacy of Historical Conflict:
Evidence from Africa. American Political Science Review 108:2, 319-336. [Crossref]

648. Roland Hodler, Paul A. Raschky. 2014. Regional Favoritism *. The Quarterly Journal of Economics
129:2, 995-1033. [Crossref]

649. Thomas Barnebeck Andersen, Peter Sandholt Jensen. 2014. Is Africa's Recent Growth Sustainable?.
International Economic Journal 28:2, 207-223. [Crossref]

650. Yaniv Konchitchki, Panos N. Patatoukas. 2014. Accounting earnings and gross domestic product.
Journal of Accounting and Economics 57:1, 76-88. [Crossref]

651. Stelios Michalopoulos, Elias Papaioannou. 2014. National Institutions and Subnational Development
in Africa *. The Quarterly Journal of Economics 129:1, 151-213. [Crossref]

652. Wim Marivoet, Tom De Herdt. 2014. Reliable, challenging or misleading? A qualitative account of
the most recent national surveys and country statistics in the DRC. Canadian Journal of Development
Studies / Revue canadienne d'études du développement 35:1, 97-119. [Crossref]

653. Holger Breinlich, Gianmarco I.P. Ottaviano, Jonathan R.W. Temple. Regional Growth and Regional
Decline 683-779. [Crossref]

654. Maxim L. Pinkovskiy, Xavier Sala-i-Martin. 2014. Lights, Camera,...Income! Estimating Poverty
Using National Accounts, Survey Means, and Lights. SSRN Electronic Journal . [Crossref]

655. Gaurav Khanna. 2014. The Road Oft Taken: Highways to Spatial Development. SSRN Electronic
Journal . [Crossref]

656. Ruixue Jia, Masayuki Kudamatsu, David Seim. 2014. Political Selection in China: The
Complementary Roles of Connections and Performance. SSRN Electronic Journal . [Crossref]

657. Edmund Amann, Werner Baer, Thomas Trebat, Juan Miguel Villa. 2014. Infrastructure and Its Role
in Brazil's Development Process. SSRN Electronic Journal . [Crossref]

658. Fabian Wahl. 2014. Does Medieval Trade Still Matter? Historical Trade Centers, Agglomeration and
Contemporary Economic Performance. SSRN Electronic Journal . [Crossref]

659. Riccardo Trezzi, Francesco Porcelli. 2014. Reconstruction Multipliers. SSRN Electronic Journal .
[Crossref]

660. Axel Dreher, Andreas Fuchs, Roland Hodler, Bradley Parks, Paul A Raschky, Michael J. Tierney.
2014. Aid on Demand: African Leaders and the Geography of China's Foreign Assistance. SSRN
Electronic Journal . [Crossref]

661. Asger Moll Wingender. 2014. Structural Transformation in the 20th Century: A New Database on
Agricultural Employment Around the World. SSRN Electronic Journal . [Crossref]

662. Christian A. L. Hilber, Charles Palmer. 2014. Urban Development and Air Pollution: Evidence from
a Global Panel of Cities. SSRN Electronic Journal . [Crossref]

663. Jeanet Sinding Bentzen, Jacob Gerner Hariri, James A. Robinson. 2014. The Indigenous Roots of
Representative Democracy. SSRN Electronic Journal . [Crossref]

664. 2014. Autour d'un livre. Politique africaine 133:1, 177. [Crossref]
665. Edward N. Okeke. 2013. Brain drain: Do economic conditions “push” doctors out of developing

countries?. Social Science & Medicine 98, 169-178. [Crossref]

https://doi.org/10.3390/rs6087260
https://doi.org/10.1108/IJDI-12-2013-0090
https://doi.org/10.1017/S0003055414000161
https://doi.org/10.1093/qje/qju004
https://doi.org/10.1080/10168737.2013.825308
https://doi.org/10.1016/j.jacceco.2013.10.001
https://doi.org/10.1093/qje/qjt029
https://doi.org/10.1080/02255189.2014.877381
https://doi.org/10.1016/B978-0-444-53540-5.00004-5
https://doi.org/10.2139/ssrn.2423393
https://doi.org/10.2139/ssrn.2426835
https://doi.org/10.2139/ssrn.2468801
https://doi.org/10.2139/ssrn.2497942
https://doi.org/10.2139/ssrn.2498046
https://doi.org/10.2139/ssrn.2511233
https://doi.org/10.2139/ssrn.2531966
https://doi.org/10.2139/ssrn.2533360
https://doi.org/10.2139/ssrn.2541387
https://doi.org/10.2139/ssrn.2553916
https://doi.org/10.3917/polaf.133.0177
https://doi.org/10.1016/j.socscimed.2013.09.010


666. Tilottama Ghosh, Sharolyn Anderson, Christopher Elvidge, Paul Sutton. 2013. Using Nighttime
Satellite Imagery as a Proxy Measure of Human Well-Being. Sustainability 5:12, 4988-5019. [Crossref]

667. Brian Min, Kwawu Mensan Gaba, Ousmane Fall Sarr, Alassane Agalassou. 2013. Detection of rural
electrification in Africa using DMSP-OLS night lights imagery. International Journal of Remote
Sensing 34:22, 8118-8141. [Crossref]

668. Dominic Rohner, Mathias Thoenig, Fabrizio Zilibotti. 2013. Seeds of distrust: conflict in Uganda.
Journal of Economic Growth 18:3, 217-252. [Crossref]

669. Audrey Dorélien, Deborah Balk, Megan Todd. 2013. What Is Urban? Comparing a Satellite View with
the Demographic and Health Surveys. Population and Development Review 39:3, 413-439. [Crossref]

670. Thomas Barnebeck Andersen, Carl-Johan Dalgaard. 2013. Power outages and economic growth in
Africa. Energy Economics 38, 19-23. [Crossref]

671. Qian Zhang, Karen Seto. 2013. Can Night-Time Light Data Identify Typologies of Urbanization? A
Global Assessment of Successes and Failures. Remote Sensing 5:7, 3476-3494. [Crossref]

672. Sylvain K. Cibangu. 2013. A Reconsideration of Modernization Theory. International Journal of
Information Communication Technologies and Human Development 5:2, 86-101. [Crossref]

673. Nicola Gennaioli, Rafael La Porta, Florencio Lopez-de-Silanes, Andrei Shleifer. 2013. Human Capital
and Regional Development *. The Quarterly Journal of Economics 128:1, 105-164. [Crossref]

674. Martin Brown, Benjamin Guin, Karolin Kirschenmann. 2013. Microfinance Banks and Household
Access to Finance. SSRN Electronic Journal . [Crossref]

675. Nicola Pestalozzi, Peter Cauwels, Didier Sornette. 2013. Dynamics and Spatial Distribution of Global
Nighttime Lights. SSRN Electronic Journal . [Crossref]

676. Thorben Christian Kundt, Florian Misch, Birger Nerre. 2013. Re-Assessing the Merits of Measuring
Tax Evasions through Surveys: Evidence from Serbian Firms. SSRN Electronic Journal . [Crossref]

677. Thomas Barnebeck Andersen, Mikkel Barslund, Casper Worm Hansen, Thomas Harr, Peter S.
Jensen. 2013. How Much Did China's WTO Accession Increase Economic Growth in Resource-Rich
Countries?. SSRN Electronic Journal . [Crossref]

678. Simon Alder, Lin Shao, Fabrizio Zilibotti. 2013. Economic Reforms and Industrial Policy in a Panel
of Chinese Cities. SSRN Electronic Journal . [Crossref]

679. Jeff Y. Tsao, Jonathan J. Wierer, Lauren E. S. Rohwer, Michael E. Coltrin, Mary H. Crawford,
Jerry A. Simmons, Po-Chieh Hung, Harry Saunders, Dmitry S. Sizov, Raj Bhat, Chung-En Zah.
Introduction Part B. Ultra-efficient Solid-State Lighting: Likely Characteristics, Economic Benefits,
Technological Approaches 11-26. [Crossref]

680. William D. Nordhaus, Xi Chen. 2012. Improved Estimates of Using Luminosity as a Proxy for
Economic Statistics: New Results and Estimates of Precision. SSRN Electronic Journal . [Crossref]

681. Xiaobo Lü, Pierre F. Landry. 2012. Show Me the Money: Inter-Jurisdiction Political Competition
and Fiscal Extraction in China. SSRN Electronic Journal . [Crossref]

682. Alberto F. Alesina, Stelios Michalopoulos, Elias Papaioannou. 2012. Ethnic Inequality. SSRN
Electronic Journal . [Crossref]

683. Dominic Rohner, Mathias Thoenig, Fabrizio Zilibotti. 2011. Seeds of Distrust: Conflict in Uganda.
SSRN Electronic Journal . [Crossref]

https://doi.org/10.3390/su5124988
https://doi.org/10.1080/01431161.2013.833358
https://doi.org/10.1007/s10887-013-9093-1
https://doi.org/10.1111/j.1728-4457.2013.00610.x
https://doi.org/10.1016/j.eneco.2013.02.016
https://doi.org/10.3390/rs5073476
https://doi.org/10.4018/jicthd.2013040106
https://doi.org/10.1093/qje/qjs050
https://doi.org/10.2139/ssrn.2226522
https://doi.org/10.2139/ssrn.2237410
https://doi.org/10.2139/ssrn.2304645
https://doi.org/10.2139/ssrn.2335903
https://doi.org/10.2139/ssrn.2369416
https://doi.org/10.1007/978-94-007-5863-6_2
https://doi.org/10.2139/ssrn.2030960
https://doi.org/10.2139/ssrn.2106449
https://doi.org/10.2139/ssrn.2169485
https://doi.org/10.2139/ssrn.1972310

	Measuring Economic Growth from Outer Space
	I. Night Lights Data
	A. Simple Examples of What Night Lights Data Reflect

	II. Lights as a Measure of Economic Activity
	A. Data Quality Rankings

	III. Predicting GDP with Lights
	A. Baseline Results
	B. Sample of Low- and Middle-Income Countries

	IV. Improving Estimates of True GDP Growth
	A. Estimates of True Income Growth for Bad Data
Low- to Middle-Income Countries
	B. Elasticity of Lights with Respect to Income

	V. Additional Applications
	A. Growth on the Coast versus in the Interior
	B. Primate Cities versus Hinterland
	C. The Effect of Malaria on Growth

	VI. Conclusion
	Appendix: Summary Statistics
	REFERENCES


